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Abstract 
 
Protein-protein interactions take place when two or more proteins bind together, usually to carry out 
some biological functions.  Many biological processes are formed by interaction networks that are 
consisted of more than one protein-protein interaction.  To understand the proteins’ function mechanism, 
we need to understand their interaction networks firstly. 
 
The availability of complete genome/protein sequences brings in the need of computation methods for 
protein-protein interaction prediction.   Although there have been many computation methods 
developed to study protein-protein interaction, most methods are based on the correlation of either 
protein pairs’ sequences information or expression data.   
 
Here in our study, we firstly studied the entire sequence approach of correlation analysis, which is also 
called mirrortree method.   We applied it to the interacting and non-interacting protein pairs’ datasets 
among human and yeast, which gave us a clear separation between the interacting and non-interacting 
protein-pairs with an AUC score of over 0.70.  Application to other datasets such as the interacting and 
non-interacting protein pairs among human or yeast and human and mouse didn’t give a clear 
separation though (AUC score below or close to 0.60).   We reached conclusion that the mirrortree 
method should be applied with datasets that have a relatively large evolutionary coverage and this 
evolutionary coverage should be normalized.  We then studied some other possible factors that might 
affect the approach and found out the evolutionary span could significantly change the correlation 
scores from this approach while the number of common species and the method used for distance 
matrices calculations don’t change the correlation scores a lot.   
 
We then studied the motif/residue based correlation analysis; firstly, we verified the motif/residue based 
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correlation analysis on known interacting protein pair, Kv1.2 and β2 subunit.  The motif/residue based 
correlation analysis was successfully verified here.  Then we applied this method onto epithelial 
sodium and chloride channels, which included CFTR and ENaC, Clc2 and ENaC, CACC and CFTR, 
trying to identify the possible networks of sodium and chloride channels in the airway epithelia.  This 
provided us the possible interactions of Clc2 and ENaC γ subunit, CFTR and CACC3. 
 
We then applied the same motif/residue based correlation analysis onto Ach receptor complex, we 
studied the muscle type, neuronal type and mixed type Ach receptor complex subunits interactions, we 
found significant interactions among muscle type Ach receptor subunits and significant non-
interactions between muscle type and neuronal type Ach receptor subunits, but we didn’t find 
significant interactions among neuronal type Ach receptor subunits, which is not as expected.   Possible 
reason here is the variety of neuronal type Ach receptor subunits, so they might be co-evolving with 
many possible other subunits, which lead to a lower level correlation for any single pair of them.   
  
We then studied the site-specific (amino acid level) correlation analysis.   Here we applied the approach 
to study the specificity of toxins, i.e.  conotoxins and scorpion toxins on Kv channels, we successfully 
predicted the possible hot-spots of their interaction interfaces and pinpointed them back to 3D 
structures to get a general view of the interaction mechanism; We determined the connections between 
variability of turret region and the specificity of different toxins to their different target channels.  We 
also found the negative linear relationship of residue pairs’ (from interface of the interacting protein 
pairs) correlation scores with their distances in 3D complex structures, which further verified and 
strengthened the approach of site specific approach of correlation analysis.  The hotspots information 
obtained from the approach was also successfully used to direct the docking of one toxin onto a voltage 
gated potassium channel. 
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Chapter I.  General Introduction 
 
 
In living cells, biological molecules exist in a high concentration and physically occupy a significant 
fraction of the total volume.  Most proteins interact, at least transiently, with other protein molecules.  
Proteins seldom act alone.  They tend to carry out their activities via interactions or interaction 
networks. 
 
The detection of protein interactions can help to better understand the molecular machinery of the cell 
and expose biological processes and pathways that have not been characterized so far.   Thus, to 
understand the mechanism of proteins; it’s important to study their partners too.   
 
Historically, protein-protein/peptide-peptide interactions were initially studied by wet-lab experiments; 
such as yeast two-hybrid (Walhout and Vidal 2001) which is limited to the detection of binary 
interactions and mass spectrometry (Ewing et al. 2007).  These are high-throughput technologies but 
also expensive and time-consuming.  On the other hand, techniques such as affinity chromatography 
and co-immunoprecipitation (Free et al.  2009) are low-throughput methods.  Furthermore, as we know, 
many proteins form strong, stable interactions, giving rise to permanent protein complexes.   Because 
these complexes are much easier to study, most of the available experimental data have been obtained 
from stable complexes.   However, transient protein-protein interactions are equally important: they 
play a major role such as signal transduction and other essential physiological processes.   Transient 
interactions often neither form stable crystals nor give good NMR structures; transient complexes are 
notoriously hard to study experimentally.   
 
The availability of complete genome/protein sequences makes it possible in principle to do a system-
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level computational study of protein interactions, if the correct correlations can be found between 
patterns in the sequence on the one hand, and likelihood and nature of interactions on the other hand.   
Proposed methods can be mainly classified into two different approaches: studies that use structural 
information (Kiel et al. 2008) and co-evolution analysis (Goh and Cohen, 2002). 
 
In our study we looked into and used the measure of co-evolution to infer protein-protein interaction.   
The underlying logic of co-evolution is that substitution of an amino acid residue in the interface of one 
protein will select for the coordinated mutation and subsequent substitution of an amino acid in the 
interface of its binding partner during evolution process.  These changes are to maintain optimal 
structural and functional integrity.    
 
Two broad approaches have been developed to identify the coevolution of binding partners with the 
intent of predicting probable protein-protein interactions: a). Site-specific and b). Entire protein 
sequence.   
 
In site-specific co-evolutionary analysis, it answers the following question: given the sequence of a 
protein, which regions or residues are likely to be parts of its interface with another protein?  Knowing 
where the binding region of a protein is located can help in guiding experiments.   For example, 
mutagenesis experiments can be designed to pinpoint functionally important residues of receptors and 
other binding proteins.   Information on likely binding sites can even be a starting point for drug design 
when the given interaction needs to be inhibited or mimicked (Cochran 2001).  On the other hand, 
when the prediction of the structure of a complex based on the structures of the component proteins is 
desired, knowledge of the binding regions can be used to reduce the size of the configuration space to 
search.   
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On the other hand, in entire amino acid sequence co-evolutionary analysis, it answers the question of 
the following: ‘Given a set of protein sequences, which pairs of proteins are likely to have interactions?’  
The goal of asking a question like this is to reconstruct the protein-protein interaction network for a set 
of proteins; ideally, we would like to extend the analysis to the whole proteome of an organism.   The 
network of all interactions within an organism is sometimes called the interactome.   While functional 
linkages between proteins can often suggest direct, physical interactions between them, functional 
linkage is clearly a broader concept and does not necessarily involve direct physical interaction.  
Evidence of direct binding, however, is a good indication of functional relatedness, and therefore, 
knowledge of the interactome is a significant step toward understanding the functional organization of 
the cell.  Both direct linkage and functionally connection can be studied with correlation analysis here.  
 
The methods we will explore and use for sequence-based coevolution analysis are variants of the 
mirrortree approach.  The general procedure for these two approaches are similar, Florencio Pazos 
(Pazos et al. 2001) gives a general scheme of the procedure as shown in Figure 1.1.   
 
 
Firstly, we obtain the sequence sets based on criterion of the problem, for each protein pair, we retrieve 
its orthologs’ sequences and create a pair of ortholog sequences datasets.  By this way, we mimic the 
evolutionary history of the object protein pair.  Based on the assumption of co-evolution analysis, if 
there is interaction, there should be correlations of evolution from the pair of ortholog groups, both 
within interacting regions and over entire sequence.  We used Pearson’s correlation (shown as equation 
1.1) as a measure here. 
        𝑟 = ∑ ((𝑋𝑖−𝑋�)(𝑌𝑖−𝑌�))𝑛𝑖=1
�∑ (𝑋𝑖−𝑋�)2 ∑ (𝑌𝑖−𝑌�)2𝑛𝑖=1𝑛𝑖=1                 (1.1) 
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It defines the degree of correlation of evolution for two ortholog groups with simple regression.  Here 
Xi and Yi are the pairwise distances between orthologs.   For example, if we have n orthologous 
proteins, the number of pairwise distances is n(n-1)/2.  X �and Y�  are the mean values of all the Xi and Yi 
respectively.   “r” is the extent to which evolutionary variations in Xi and Yi are correlated with each 
other.   
 
Florencio Pazos et al.  (1997) used site-specific correlation analysis and gave a prediction about the 
inter-domain contact regions of the heat- shock protein Hsc70 based only on sequence information. 
Studies using mirrortree-like evolutionary correlation methods has also been popular recently, Maricel 
et al. (2009) and Luke et al.  (2007) studied the protein sequence region effect on the co-evolutionary 
analysis.  Fraser et al. (2002) used codon adaptation index analysis to infer that the levels of expression 
of interacting partners are also subject to correlated evolution and that such co-expression could be 
required for maintaining proper stoichiometry among interacting components.  Also, extension of the 
mirrortree introduced by Juan et al.  (2008) detects proteins within the same metabolic pathways 
despite the fact that they are not necessarily related by physical interactions.  Dorata et al. (2011) 
studied the effect of organism sets’ effect on co-evolutionary analysis based on different interaction 
type. 
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Figure 1.1.  Scheme of the mirrortree method.   
 
The initial multiple sequence alignments of the two proteins are reduced, leaving only sequences of the 
same species and consequently the trees constructed from these reduced alignments would have the 
same number of leaves and the same species in the leaves.  From the reduced alignments, the matrices 
containing the average homology for every possible pair of proteins are constructed.  Such matrices 
contain the structure of the phylogenetic tree.  Finally, the similarity between the data sets of the two 
matrices and implicitly the similarity between the two trees are evaluated with a linear correlation 
coefficient (Florencio Pazos, 2001). 
 
In the next chapter of this thesis I will first examine the efficacy of the mirrortree method for 
comparing evolutionary correlation over entire protein sequences.  I will find limitations in the range of 
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application of the method.  In the following chapter I will examine the possibility of overcoming those 
limitations by looking not only at overall scores for entire protein pairs but at the distribution of scores 
for individual sites in those protein pairs.  Finally I will examine the applicability of the correlation 
analysis to uncover co-evolution between interacting proteins of different species, in this case peptide 
toxins and the ion channels with which they interact.    
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Chapter II.  Study of Correlation Analysis  
 
Inference of interacting proteins at the complete protein level 
 
 
Predicting protein-protein interaction by the Mirrortree method: Possibilities 
and limitations 
 
 
Abstract 
Molecular co-evolution analysis as a sequence-only based method has been used to predict protein-
protein interactions.   In co-evolution analysis, Pearson’s correlation within the mirrortree method is a 
well-known way of quantifying the correlation between protein pairs.  Here we studied the mirrortree 
method on both known interacting protein pairs and sets of presumed non-interacting protein pairs, to 
evaluate the utility of this correlation analysis method for predicting protein-protein interactions within 
eukaryotes.   We varied metrics for computing evolutionary distance and evolutionary span of the 
species analyzed.  We found the differences between co-evolutionary correlation scores of the 
interacting and non-interacting proteins, normalized for evolutionary span, to be significantly 
predictive for proteins conserved over a wide range of eukaryotic clades (from mammals to fungi).   On 
the other hand, for narrower ranges of evolutionary span, the predictive power was much weaker.   
 
Introduction 
 
Proteins seldom act alone; rather, they tend to carry out their activities via interactions or networks.   
The detection of protein interactions can help to better understand the molecular machinery of the cell 
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and expose biological processes and pathways that have not been characterized so far.   Thus, to 
understand the mechanism of proteins; it’s important to study their partners as well.   In recognition of 
this importance, there are several public protein-protein interaction databases available online, for 
example DOMINE[1], Biogrid [2], String [3], MIMI [4] , DIP [5], etc.   However the databases are far 
from complete, necessitating the prediction of interactions not yet in the databases.     
 
Traditionally, protein-protein interactions have been studied via wet-lab experimental methods, such as 
yeast two-hybrid [6] and mass spectrometry [7, 8].   These are high-throughput technologies but also 
expensive and time-consuming.   On the other hand, techniques such as affinity chromatography [9] 
and co-immunoprecipitation [8] are low-throughput methods.   The availability of comprehensive 
protein sequences for many organisms makes it possible to attempt an in silico system-level study of 
protein interactions in the hope of deriving an efficient and low-cost high-throughput method to 
augment experimental methods. 
 
Methods for computational prediction of protein-protein interactions can be mainly classified to two 
different approaches: studies that use structural information [10] and co-evolution analysis based 
entirely on sequence [11, 12].   Co-evolution analysis can be applied to whole protein level or domain 
level to infer possible interactions.   Natarajan et al.  [13] applied coevolution analysis to the Kv1.2-β₂ 
complex using 9mer sliding windows, to infer the composition of a control network interacting with the 
complex via domain-domain interactions.   
 
Co-evolutionary analysis for whole proteins can be based on either codon usage or amino acid 
sequences.   Fraser et al.  [14] used the Codon Adaptation Index (CAI) based on codon usage to infer 
protein expression level and further used protein expression level as the signal for co-evolutionary 
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study, but CAI is so far not readily applicable to multicellular organisms.   The underlying logic of 
methods based on amino acid sequences is that substitution of an amino acid residue in one protein will 
select for the coordinated mutation of an amino acid in a second protein with which the first protein 
interacts.   The nature of the interaction may be direct, as in participation in a multi-protein complex, or 
indirect, as in being in the same network or pathway.  The mirrortree method utilizing this logic has 
been developed to predict protein interaction partners and functional relationships [15, 16, 17, 18, 19] 
in a wide range of organisms.   In this study we examine the efficacy of mirrortree as applied to 
eukaryotes, as a function of different parameters of calculation. 
 
The mirrortree method consists of the following steps: 1).  find orthologs of the two proteins in 
multiple species, 2).  align the ortholog sequences from the common species to get a multiple sequence 
alignment (MSA), 3).  Create an evolutionary distance matrix either directly from the pairwise 
evolutionary distances between the aligned protein pairs or from a phylogenetic tree constructed from 
the MSA, and 4).  Construct a linear correlation coefficient (Pearson’s correlation) to determine the co-
evolution of protein pairs and further predict possible interactions.   
Recent studies using mirrortree method to infer protein-protein interactions include the following: 
Kann et al.  [20] and Hakes et al.  [21] examined the different degrees of correlation in binding regions 
and the whole protein sequences.   However the two studies reached different conclusions.   Hakes et al.  
found that the degree of correlation was no higher in the binding interfaces than in the whole sequence 
of the protein, while Kann et al. found that degree of correlation was significantly higher in the binding 
interfaces.   Since the methodology was essentially the same, we infer that the different results pertain 
to the selection of datasets.   In the Hakes et al. study, different ortholog pairs were from different 
species sets, whereas in the Kann et al. study, all the ortholog pairs were from the same set of species.   
Juan et al.  [19] extended the mirrortree method by considering genome-wide context of interactions 
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rather than interacting pairs in isolation.   Herman et al.  [22], working entirely within bacteria and 
archaea, studied the effect of different choices of organism set on the performance of mirrortree and 
related methods.   Clark et al.  [23] suggested that better prediction performance could be gained by 
choosing submatrices rather than complete matrices of all orthologous sequences (MMM method).     
The effect of species genome choice on the efficacy of mirrortree-like methods has been evaluated for 
bacterial and archaeal genomes [22, 24].   In this paper we extend the assessment to eukaryotic 
genomes, specifically considering the effects of evolutionary distance spanned by the genomes on co-
evolution analysis. 
 
Materials and Methods  
 
The key relationship defining the correlation between two sets of protein orthologs is the Pearson’s 
correlation coefficient, given in equation (1). 
           𝑟 = ∑ ((𝑋𝑖−𝑋�)(𝑌𝑖−𝑌�))𝑛𝑖=1
�∑ (𝑋𝑖−𝑋�)2 ∑ (𝑌𝑖−𝑌�)2𝑛𝑖=1𝑛𝑖=1                 (1)        
 
Here X and Y designate sets of orthologous proteins whose interaction propensity we wish to predict.   
Xi and Yi are the pairwise distances between orthologs.   For example, if we have n orthologous 
proteins, the number of pairwise distances is n(n-1)/2.   The sets X and Y come from the same species.   X �and Y�  are the mean values of all the Xi and Yi respectively.   “r” is the extent to which evolutionary 
variations in Xi and Yi are correlated with each other.   
 
Datasets  
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We used the Biogrid database because it contains large sets of functional related or directly interacting 
protein pairs categorized into different species.   In particular we used datasets from human and 
Saccharomyces cerevisiae (Baker’s Yeast) as a standard to define interacting protein pairs.   To identify 
orthologs of the proteins, we use the results of the OMA project [25] since it has a relatively 
comprehensive orthology dataset with 6.2 million proteins from 1,320 species.   As a control, non-
interacting protein pair sets were generated by random shuffling of the interacting protein pairs.   The 
choice of human and S.  cerevisiae was to provide as wide as possible an evolutionary span among the 
eukaryotes, to make sure the analyzed sets have the largest possible variation for comparing the 
difference of correlation between interacting and non-interacting protein pairs.   In addition, S.  
cerevisiae and human are intensively studied species with a large number of known protein interacting 
pairs, with 218,492 and 131,624 non-redundant interacting protein pairs respectively listed in Biogrid.   
At this writing there are a total of 28,659 human proteins and 6,328 S.  cerevisiae proteins listed with 
ortholog groups in OMA.  Between human and S.  cerevisiae, there are 2,012 common proteins in 
OMA.   
 
Common interacting protein pairs are retrieved from interacting datasets of human and S.  cerevisiae 
species.   A total of 1,062 common interacting protein-protein pairs were found in the Biogrid data base 
from human and S.  cerevisiae.   Of these, 311 protein pairs were found to have corresponding ortholog 
groups in OMA browser.   Adding the criterion that each group to be compared should have 15 or more 
common species in the common ortholog sets reduced the membership of the set for analysis from 311 
to 259.   
 
We created a second set of putative interacting pairs by including all human Biogrid interaction pairs 
whose members have S.  cerevisiae orthologs plus all S.  cerevisiae interacting pairs whose members 
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have human orthologs.   The difference between the first set and the second set is that in the first set 
both the human and the S.  cerervisiae pairs are confirmed experimentally to interact, whereas in the 
second set the interaction needed to be confirmed experimentally in only one of the two.   Both datasets 
were constrained by the requirement that every protein needed to have 15 or more common species in 
their OMA ortholog sets.   The total number of pairs fulfilling the requirements for the second set was 
5,616.   Finally a set of 5,616 different non-interacting pairs were created by sampling the second set 
with replacement [26], coupled by filtering to discard accidental coupling of interacting pairs and 
duplications.    We call the first set of interacting pairs plus the constructed set of non-interacting pairs 
Dataset 1.   We call the second set of interacting pairs plus the constructed set of non-interacting pairs 
Dataset 2. 
 
We also created a third dataset of human and mouse common interacting protein pairs, using a 
procedure exactly analogous to the procedure for creating Dataset 1 (human and yeast set).    This 
procedure gives us a total of 1,375 interacting protein pairs.    We created a corresponding non-
interacting set of 5,630 pairs by sampling with replacement and filtering in the same fashion as we did 
for Dataset 2.   This set of 1,375 putative interacting pairs plus the 5,630-member set of non-interacting 
pairs we call Dataset 3.     
 
For each protein from the interacting or non-interacting protein pairs, we retrieved its 1 to 1 ortholog 
groups containing different species from OMA database.   For each protein pair we extracted the 
common species to the 2 ortholog groups and used the 2 ortholog groups with common species set for 
evolutionary distance calculations. 
 
Evolutionary distance calculations 
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All the protein pairs datasets were aligned using MUSCLE (Multiple sequence comparison by log-
expectation) [27].   
The pair-wise distances for sequences from different species for any protein were calculated using the 
protdist package (28).   We experimented with four different distance measures:  
1).  Jones Taylor Thornton matrix [29]. 
2).  Dayhoff Pam Matrix which uses Dayhoff's PAM 001 matrix [30]. 
3).  Kimura model, in which distance is defined as: 
D=− log(1 − 𝑝 − 0.2𝑝2) , here 𝑝 defines the fraction of difference for 2 sequences. 
4).  Categories Model [31, 32], in which amino acids are lumped into the following categories: Group 1, 
sulfhydryl: cysteine; Group 2, small/neutral: serine, threonine, alanine, proline and glycine; Group 3, 
acidic: aspartate, glutamate, asparagine and glutamine; Group 4, basic: histidine, arginine and lysine; 
Group 5, hydrophobic: valine, leucine, isoleucine and methionine; and Group 6, aromatic: 
phenylalanine, tyrosine, and tryptophan.   There is no penalty for a substitution within a group and 
0.457 for a substitution of a member of one group for a member of another group.   
We also explored the use of other measures for evolutionary distance, including unweighted direct sum 
(0 or 1 for same or different) of position-specific substitutions, and different PAM or BLOSUM 
matrices with various ways of treating gap penalties.   All results were essentially independent of the 
type of evolutionary distance employed, so in results we report using only one distance measure, the 
Jones Taylor Thornton matrix.   
 
Other Factors 
 
For further study of species coverage effects on correlation analysis, we started with the human and 
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mouse interacting protein pairs’ datasets (Dataset 3) with 1,375 interacting and 5,630 non-interacting 
protein pairs.   Then we divided the data into three categories: 1) present only in chordates (834 pairs); 
2) present in other metazoan as well as in chordates, but not in plants or fungi (349 pairs); 3) present in 
all the eukaryotic kingdoms (192 pairs).   The results of analysis of this dataset will be shown in Figure 
7 in the results and discussion section. 
 
Results and Discussion 
Assessment of co-evolution  
To illustrate the differences of correlations of interacting versus non-interacting protein pairs, the 
correlation scores for interacting and non-interacting protein-protein pairs were plotted against each 
other.   Figure 2.1A shows smoothed histograms (density plots of incidence) of the correlation scores 
from the Biogrid protein pairs common to human and S.  cerevisiae.   The correlation scores peaked at 
0.95 and 0.91 for interacting and non-interacting protein-protein pairs respectively.   A separation of 
non-interacting from interacting protein-protein pairs is evident.   To evaluate the prediction power of 
our correlation analysis, the receiver operating characteristic (ROC) curve [33] was plotted and showed 
a clear view of prediction power (Figure 2.1B), an AUC of 0.73. 
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Figure 2.1.  Density plot for correlation scores using Jones-Taylor-Thornton matrix for common 
interacting and non-interacting protein pairs from Dataset 1 (A) and the corresponding ROC plot (B). 
An AUC score of 0.5 would indicate no predictive power, while a score of 1.0 would indicate perfect 
predictive power.   Therefore a score of .73 indicates significant, but not perfect, predictive power.   The 
right side edge shows the cut-off correlation score for prediction, scaled by color.   We can read the 
corresponding true positive and false positive rates from the curve by matching the color in the curve 
to the right side correlation score color scale. 
 
We then studied the interacting protein pairs from human or S.  cerevisiae (Dataset 2),  the only 
difference of Dataset 1 from Dataset 2 was that the interaction in Dataset 2 was not necessary 
conserved in both human and S.  cerevisiae.   Density plot and ROC plot were plotted here too shown 
in Figure 2.2A and 2.2B respectively.   Looking into the density plot (Figure 2A), there was no clear 
separation of interacting from non-interacting protein pairs.   Both of them peaked at correlation score 
of around 0.90.    ROC plot (Figure 2.2B) shows an AUC score of 0.55, which tells no significant 
separation either.   Comparing Figure 1 and Figure 2.2, we concluded that independent evidence of 
conservation of interaction across species is an important determinant of the performance of co-
16 
 
evolutionary analysis, and should be considered when doing prediction.   
 
 
 
Figure 2.2.  Density plot for correlation scores using Jones-Taylor-Thornton matrix for common 
interacting and non-interacting protein pairs from Dataset 2 (A) and the corresponding ROC plot (B). 
We also studied the common interacting protein pairs between human and mouse (Dataset 3).    
 
The correlation density plot and ROC curve were plotted and shown in Figure 2.3.   In the density plot 
(Figure 2.3A) the curves of interacting protein pairs’ density (in red) and non-interacting protein pairs’ 
density (in blue) were almost superimposed on each other.   The ROC curve (Figure 2.3B) also gives a 
relatively low AUC score of 0.55.   The differences between Dataset 3 and Dataset 1 are two-fold.   
One difference is that the evidence for conservation of interaction in Dataset 3 is between two closely 
related species (human and mouse) while in Dataset 1 the evidence for conservation of interaction is 
between two distantly related species (human and yeast).   The second difference is that in Dataset 1 the 
ortholog sets all spanned the range between human and yeast, while in Dataset 3 the evolutionary span 
was variable from one ortholog set to the other.   Some spanned all the way to yeast, while others were 
contained only in metazoan, others only in chordates, and others only in mammals.   The relatively low 
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level of discrimination between interacting and non-interacting pairs in Dataset 3 suggests that 
evolutionary span is an important factor in using and interpreting the mirrortree method. 
 
 
Figure 2.3.  Density plot for correlation scores using Jones-Taylor-Thornton matrix for common 
interacting and non-interacting protein pairs from Dataset 3 (A) and the corresponding ROC plot (B). 
 
For a single measure of the predictive power of the method, we elected to use the Matthews correlation 
coefficient (MCC).   MCC is a more robust measure of effectiveness of binary classification methods 
than such measures as precision, recall, and F-measure because it takes into account in a balanced way 
of all four factors contributing to the effectiveness; true positives, false positives, true negatives and 
false negatives.   A good review of methods for binary classification is given in Powers, 2011 [34].    
The MCC is given by:  
MCC= 𝑇𝑇∗𝑇𝑇−𝐹𝑇∗𝐹𝑇
�(𝑇𝑇+𝐹𝑇)∗(𝑇𝑇+𝐹𝑇)∗(𝑇𝑇+𝐹𝑇)∗(𝑇𝑇+𝐹𝑇) (2) 
Where  
TP is the number of true positives 
TN the number of true negatives 
FP the number of false positives 
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FN the number of false negatives.   
 
In Figure 2.4, we plotted the Matthews correlation coefficient against its corresponding correlation 
score threshold for all 3 different sets.   We can see the Human and Yeast set (Dataset 1) gives highest 
Matthews correlation coefficient and a distinct peak at a correlation score of approximately 0.9.   A 
reasonable interpretation of the MCC is that a good choice for the threshold of the classification is at 
the peak of the MCC, while a good measure of the efficacy of the method is the height of the peak.   In 
Dataset 2, on the other hand, there is no peak but rather a wide plateau with a relatively low height.   
Dataset 3 shows a peak, but a relatively low one, indicating a relatively weak binary classification 
efficacy.   The MCC results are consistent with the results of the ROC curves  (Figures 2.1, 2.2, 2.3) in 
suggesting that the mirrortree method has much better binary classification efficacy for Dataset 1 than 
for the other two. 
     
 
Figure 2.4.  Matthews correlation coefficient (MCC) vs.  choice of binary classification threshold for 
Datasets 1, 2, 3.   It is seen that there is a much higher and more distinct peak for Dataset 1, supporting 
the inference derived from the relative AUC scores (Figures 2.1, 2.2, and 2.3) that the Dataset 1 
provides the best differentiation between the interacting and non-interacting pairs. 
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In Figure 2.5 we show the MCC vs.  threshold on the same plot as sensitivity (TP/(TP+FN)) and 
specificity (TN/(TN+FP)) for Dataset 1.   We see that the peak of the MCC occurs where the specificity 
is somewhat greater than the sensitivity.   A user might move the classification threshold somewhat 
lower or higher depending on whether it is more important to retrieve all or practically all true positives, 
or whether it is rather more important to ensure that the positive results are not contaminated with false 
positives. 
     
 
Figure 2.5.  Plot of sensitivity, specificity, and MCC vs.  threshold for binary classification using 
Dataset 1.   It is seen that the peak of the MCC (dashed vertical line) occurs in this case where the 
specificity is somewhat larger than the sensitivity.   A user may wish to use a threshold either larger or 
smaller than the position of the peak of the MCC, depending on whether specificity or sensitivity is 
more highly valued. 
 
Relationship of sequence degree of conservation and correlation score  
 
We note that for a set of completely random sequences the correlation scores will average zero.   At the 
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other extreme, for a set of identical sequences the Pearson’s correlation score will be undefined.   We 
accordingly wondered if, between these extremes, there would be any systematic dependence of 
correlation scores on total conservation of the pairs.   To explore this, we started with the set of 
interacting and non-interacting protein pairs from human and S.  cerevisiae species (Dataset 1).   For 
each protein-pair’s ortholog sets, we calculated the degree of conservation as the average identity for 
each pair of aligned sequences within each ortholog set, and then the average of the two means.   The 
correlation score for each specific protein pair was calculated as stated in the method part.   Figure 2.6 
shows, for interacting pairs (2.6A) and for non-interacting pairs (2.6B) correlation scores vs.  degree of 
conservation for all the ortholog pairs of Dataset 1.   To see more clearly possible trends Figures 2.6C 
and 2.6D show mean correlation scores for sets binned in conservation score ranges of .02.   We see 
that for the interacting set there are some pairs that have high conservation and low correlation score.   
These are responsible for the prominent bump at a correlation score of about 0.4 in the correlation 
distribution of the interacting pairs in Figure 2.1A.   On the other hand for the non-interacting set, there 
are some pairs that have very low conservation and correlation.   
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Figure 2.6.  Protein sequences’ within ortholog set degree of conservation (mean pairwise fraction 
identity for all orthologs in each set) vs.  protein pairs correlation score for Dataset 1.   A).  Scatter 
plots of degree of conservation vs.  protein pairs correlation score for interacting protein pairs.  B).  
Scatter plots of degree of conservation vs.  protein pairs correlation score for non-interacting protein 
pairs.  C).  Mean degree of conservation vs.  protein pairs correlation score for interacting pairs with 
standard deviation as error bar.  D).  Mean degree of conservation vs.  protein pairs correlation score 
for interacting pairs with standard deviation as error bar.   
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Evolutionary span 
 
We further tested how evolutionary span affects the correlation scores.   To do this we divided the 
results of Dataset 3 according to the evolutionary span of the common species used in the orthology 
pairs.   In Figure 2.7 we show the results of calculations in which the evolutionary spans were entirely 
in chordates, entirely in metazoan, or spanned all eukaryotes.   This way we have an incrementally 
increased evolutionary span, and by comparing the correlation scores of interacting protein pairs from 
these 3 (shown in Figure 2.7A), we see as the evolutionary span decreases, the peak height of the 
distribution decreases, while the position of the peak is approximately the same.   From the interacting 
protein pairs from the 3 kingdoms, we also created non-interacting shuffled protein pairs, and the 
correlation density plot is shown as in Figure 2.7B.   Figure 2.7C shows ROC plots obtained by 
comparing interacting and noninteracting pairs in the three subsets of Dataset 3.   We see that the AUC 
score is higher the wider the evolutionary span of the common species of the ortholog pairs.   For the 
widest span, where the ortholog pairs span both metazoan and non-metazoan eukaryotes, the AUC 
score of 0.643 indicates a fair predictive power, although not as good as Dataset 1.   
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Figure 2.7.  Correlation density plot for interacting (A) and non-interacting (B) Protein pairs of 
different evolutionary span from Dataset 3.   In this plot we separately consider the protein pairs that 
are conserved only in chordates, the pairs that are conserved across the metazoan but not elsewhere in 
the eukaryotes, and finally the protein pairs that are distributed across the eukaryotes beyond the 
metazoan.  C).  The corresponding ROC plots for the correlation analysis for these 3 different sub-
datasets.   
 
For another representation of the relationship of correlation score with evolutionary span, we plotted in 
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Figure 2.8 the correlation score against the time since last common ancestor (as defined in the 
TimeTree database [35]) for all protein pairs from Dataset 3 in Figure 2.8.   We see that the mean 
correlation score increases, and the variance decreases, as the time since last common ancestor 
increases.   This is a manifestation of the principle that the statistical significance of similarity patterns 
in sequences increases with the evolutionary span, perhaps stated most amusingly by Sydney Brenner 
[36].   
     
 
Figure 2.8.  Average correlation vs.  evolutionary span for Dataset 3.  A).  Interacting protein pairs.  B).  
Non-interacting protein pairs.   The evolutionary span is defined as the time since last common 
ancestor for the most distantly related species in the data subset.   Correlation scores are mean values 
for each different evolutionary span, error bar shown as the standard deviation of the correlation 
scores within respective correlation score range.   Range of conservation is defined by the range of the 
relevant OMA orthology sets.   Time since last common ancestor is derived from the TimeTree database 
[35].   It is seen that the mean score is lower and the standard deviation is larger for data subsets that 
contain only closely related species. 
 
Suggested Points for Using Mirrortree to infer Protein-Protein Interactions in Eukaryotes 
25 
 
• Normalize the evolutionary span among the protein pair orthologous sets to be tested. 
• Use as wide an evolutionary span as is available. 
• Take into account independent evidence of conservation of interaction, if available. 
• If prediction of a binary classification is desired, the peak of the Matthews correlation coeffi-
cient is a reasonable default choice for threshold, but the user may shift the threshold up or 
down depending on whether sensitivity or specificity is more valued. 
Summary and Conclusions 
 
This study was aimed at assessing the mirrortree method for inference of protein-protein interaction, 
with the goal of understanding how to use it to achieve the most reliable predictions.  The major results 
of our studies are: 
 
1. Over a wide range of degrees of conservation, correlation scores are independent of degree of 
conservation.   However we see lower correlation scores for ortholog pairs that have very high 
or very low degree of conservation (see Figure 2.6). 
2. Overall correlation scores are higher when wider evolutionary spans are used in the analysis, as 
shown in Figures 2.7 and 2.8.   Therefore when comparing protein pairs with each other to infer 
which is more likely to be interacting, the analysis should be done with orthologs to both pairs 
covering the same evolutionary span. 
3. The method will be more reliable when the particular proteins have a wider evolutionary span, 
because the signal to noise ratio will be more favorable, as demonstrated in Figure 2.8.   This is 
a specific example of the general principle that statistical significance of similarity patterns in 
sequences increases with the evolutionary span covered. 
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4. For Dataset 1 we find a standard AUC score of the method to be over 0.7, higher than estimated 
by Hakes et al [21], and much higher than for either Dataset 2 or Dataset 3.   The difference be-
tween Dataset 1 and Dataset 2 is independent evidence for conservation of interaction across the 
entire eukaryotic evolutionary span, from human to yeast.   In Dataset 3, there is evidence for 
conservation of interaction between human and mouse, but the evolutionary span of the 
ortholog sets is not normalized, and the efficacy of the method is thereby compromised.   
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Chapter III.  Interacting Domains within a Species—
epithelial sodium and chloride channels 
 
 
Abstract 
 
In prior work we considered predictive value of evolutionary analysis on the whole protein level for 
likelihood of protein-protein interactions.  In the present chapter we consider evolutionary correlation 
analysis at the level of individual residues/motifs.  In the prior method each score represented the 
overall correlation level between entire proteins.  In that method the scores represented the average 
correlations along the length of the sequences relative to a background of all protein pairs from the 
same two boarder or non-boarder species.  In the present method each score represents the evolutionary 
correlation between pairs of individual residues/motifs in pair of proteins being considered.  The 
theoretical basis is that interacting proteins will have a distribution of scores skewed to higher values 
than the background of all pairs from the same species.  Furthermore, the particular residue pairs 
scoring high should provide information about the mechanism of interaction between the proteins.  
 
We validate the method by applying it to the Kv1.2 potassium channel and its regulatory β2 subunit.  
Here we did find the target protein pairs skewed to the higher values than background sets, and we also 
pinpointed the top 30 hot spots with the highest correlation scores.  Some of the hotspots were in 
regions where the Kv1.2 and β subunits interact with each other based on the crystal structure of the 
complex (pdb id 2A79).   Other hotspots were in regions distant from each other but might be 
functionally correlated.  Based on the known 3D complex structure, we successfully validated our 
method of correlation analysis at motif level.   Then we applied the method to various other proteins 
(epithelial sodium and chloride channels) that are thought to possibly interact.   
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Introduction 
Kv1.2 and β2 subunit 
Voltage-dependent ion channels can sense change in the voltage across cell membrane and respond by 
allowing specific ions in/out with high selectivity and efficiency.  Among them, voltage-dependent 
potassium channels (Kv) have been extensively studied (Tombola et al. 2003 and MacKinnon 2003).    
 
The Kv channel is a homotetramer with four voltage sensors and one central pore domain (Long et al. 
2005).   In each subunit, four transmembrane helices (S1, S2, S3, and S4) make up a voltage-sensor 
domain, and two transmembrane helices (S5 and S6) contribute to the central pore domain.  There are 
several highly conserved positively charged residues on the S4 helix, the so-called gating charges, 
which respond to voltage change to open or close the central pore domain (Long SB, et al.  2005). 
 
Much of our knowledge of Kv channel function comes from studying the Shaker K+ channel from 
Drosophila melanogaster and its family members from mammalian cells (Yellen 1998).   Shaker family 
channels have been extensively studied with electrophysiology, because they can easily be expressed in 
Xenopus laevis oocytes and in other cells.   
 
Eukaryotic Kv channels in many respects are very similar to their prokaryotic counterparts.  The 
selectivity filter sequence is so conserved that we expect its structure to be essentially the same in all 
Kv channels.  The pore's “inverted teepee” arrangement of inner helices, which holds the selectivity 
filter in its wider half near the extracellular surface, is also expected to be a conserved feature.    
 
Before the first membrane-spanning helix, S1, the N terminus of the sequence forms a T1 domain 
inside the cell.  A total of four T1 domains, one from each of the four Shaker Kv channel subunits, 
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come together and form a tetrameric assembly at the intracellular membrane surface (Kreusch 1998).   
This T1 domain is located directly over the pore entryway to the cytoplasm, which means that the 
transmembrane pore must communicate with the cytoplasm through side portals in order to allow K+ 
ions to flow freely between the cell and the transmembrane pore.  These portals not only permit K+ 
ions, but they also must be large enough to allow the entry of a polypeptide chain from the channel's N 
terminus, which functions as an inactivation gate in some Shaker family Kv channels (Hoshi et al. 
1990).   
 
The T1 domain in eukaryotic Kv channels acts as a docking platform for the β subunit (Gulbis et al. 
2000).  The β subunit forms a tetramer of proteins related to aldo-keto reductase enzymes, which are 
oxido-reductases dependent on NADPH (the reduced form of nicotinamide adenine dinucleotide 
phosphate), with α-β barrel structures (Gulbis et al. 1999).  There have been a crystal structures of a β 
subunit tetramer and of a β-T1 domain complex,  which showed that the enzyme's active site contains 
an NADP+ cofactor and catalytic residues for hydride transfer (Gulbis et al. 2000). 
 
There have been experimental evidence which suggests that voltage-dependent gating is fundamentally 
similar in both prokaryotic and eukaryotic Kv channels, their voltage sensors are structurally similar 
too (Long SB, et al. 2005).  The voltage sensor in Shaker family Kv channels is constrained by 
attaching to a cytoplasmic T1 domain. 
 
The first mammalian Kv crystal structure was that of the Shaker family Kv1.2 from Rattus norvegicus 
(Protein Data Bank (PDB) ID code 2A79), determined to a resolution of 2.9 Å (Long SB, et al. 2005).    
 
Here we applied our method to the study of this complex, trying to identify the interaction interface of 
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Kv1.2 and β2, and also based on the known complex structure, we are verifying our method of 
correlation analysis the ability to pick up the interaction interface hotspots.  
 
CFTR and ENaC 
We know the cystic fibrosis transmembrane conductance regulator (CFTR) is defective in cystic 
fibrosis (CF), Novotny and Jakobsson (Novotny and Jakobsson 1996; Falkenberg and Jakobsson 2010) 
have been using computational simulation and found apical chloride permeability at a level reported for 
cystic fibrosis is sufficient to cause the airway dehydration characteristic of cystic fibrosis.  Also, given 
the reduction in apical chloride permeability in cystic fibrosis, a reduction in apical sodium 
permeability can potentially compensate completely for the airway dehydration associated with the 
cystic fibrosis genetic defect.   That comes to another transport protein, ENaC, which seems to be not 
only functionally coupled to and influenced by intact CFTR, but also affects CFTR activity, is also 
involved in the disease (Kunzelmannn 2003).  The coupling between CFTR and ENaC only became 
evident after molecular cloning of ENaC (Canessa et al. 1993) following the identification of CFTR 
(Rommens et al. 1991 and Kerem et al. 1989).   
 
But what causes the coupling?  Direct interaction or indirect mechanism remains clear.  There have 
been debates on the ENaC and CFTR’s interplay in cystic fibrosis (Collawn et al. 2012).   CFTR 
knockout mice lack the CF human lung pathology but showed intestinal bowel obstruction; while 
overexpression of β-ENaC successfully mimicked the human lung pathology (Mall M et al. 2004).   
However, overexpression of CFTR does not recover the mice with overexpressed β-ENaC.  The failure 
of the rescue raised the question of the direct interaction or interaction via another mediate of ENaC 
and CFTR, here we used our correlation analysis, trying to solve the problem and find out the possible 
partners involved in this network.   
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CFTR as a transport protein normally contains twelve transmembrane domains, two nucleotide binding 
motifs and a regulatory R domain.  These topological features associated the CFTR with the members 
of the ABC (ATP binding cassette) superfamily of transporters.  The members of this family include the 
mammalian multidrug resistance P-glycoprotein, which use the energy of ATP binding and/or 
hydrolysis to transport substrates across membranes.  However, not like other members of the ABC 
protein family, CFTR behaved as a cAMP-activated Cl− channel.  More than 1,000 diseases causing 
mutations in CFTR have been identified, with 70% of alleles containing a single deletion, ΔF508-
CFTR (Pamela L. Zeitlin, et al. 1992).   
 
The ENaC proteins were cloned by expression cloning in the early 1990s (Lingueglia E, et al. 1993).  
The ENaC subunits belong to the degenerin/ENaC family of ion channels, which are all topologically 
linked by the presence of short intracellular domains, two transmembrane spanning domains, and large 
extracellular domains containing multiple cysteine-rich domains (Kellenberger S, Schild L. 2002).  
This class of ion channel fulfills a key role in Na+ and water homeostasis.  
 
There are multiple ENaC proteins expressed in various epithelia, ENaC is consisted of at least 1α, 1β, 
and 1γ ENaC subunits interacting to form a channel.  Of these three, the α-ENaC subunit is required for 
a functional channel, while β-ENaC or γ-ENaC alone do not appear to form a conducting channel 
(Young S. Oh, et al. 1999).  ENaC dysfunction has been implicated in rare hereditary salt-sensitive 
hypertension (Liddle’s syndrome), salt-wasting syndrome (pseudohypo-aldosteronism type I), 
pulmonary edema, and CF (Bonny O, Hummler E. 2000).  Strict regulation of ENaC occurs through a 
wide variety of hormonal and nonhormonal mechanisms which can affect the expression, trafficking, or 
function of the channel proteins. 
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 One of the earliest observations made of cystic fibrosis was that the sweat of afflicted children tasted 
saltier than normal children.  This abnormality in salt transport is also seen in the nasal potential differ-
ence test which is used to clinically diagnose the disease, where CF patients’ nasal epithelia show a 
large amiloride sensitive conductance not seen in the nasal epithelia of normal patients (Alexandra 
Hebestreit, et al. 2001).  When the genes responsible for the proteins transporting sodium, the ENaCs, 
and the protein involved in CF, CFTR, were cloned, it was possible to directly test for interactions be-
tween these proteins.  In 1995, Stutts et al. found that MDCK cells and 3T3 fibroblasts, when co-
transfected with CFTR and αβγ-ENaC, exhibited reduced amiloride-sensitive Na+ current in a Cl− free 
solution as compared to cells expressing αβγ-ENaC in the absence of CFTR.  Following the initial find-
ings of Stutts and co-workers, research devoted to the CFTR–ENaC interaction intensified, and the in-
hibitory effects of CFTR on ENaCs were observed in other cells.  Based on the finding that this inhibi-
tion correlated with the activation of an endogenous CFTR-like channel in these cells, these authors 
attributed their findings to an inhibitory interaction between ENaC and CFTR.  Although there is a 
general agreement that understanding of the CFTR–ENaC interaction can clarify the pathophysiology 
of CF, the exact mechanism of their relationship is not clear.    
 
By in-vitro translating ENaC α, β or γ subunits into planar lipid bilayer, CFTR negatively regulated 
sodium channels containing β or γ by modulation the gating, extending the closed state of ENaC.  The 
N and C tails of alpha, the N tails of β or γ are essential for inhibitory effect of CFTR (Bakhrom et al.  
2009).    
 
FRET tells CFTR specifically interacting with ENaC(α, β or γ subunits separately), by studying some 
other Cl- channel on ENaC (Berdiev et al.  2007).   
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Using Co-immunoprecipitation, researchers found the carboxyl terminus of the β-r ENaC subunit was 
required for the functional interaction between activated CFTR and rENaC, while the amino termini of 
the β and γ subunits were critical for the down-regulation of rENaC by quiescent CFTR (Ji et al. 2000).   
The cytosolic termini of the β and γ ENaC subunits are involved in the functional interactions between 
cystic fibrosis transmembrane conductance regulator and epithelial sodium channel.   
 
CFTR’s first nucleotide binding domain is important in inhibiting ENaC using yeast two hybrid assay 
(Kunzelmann et al. 1997), details are shown as in Table 3.2. 
 
 
 
CLCA and Anoctamin 
 
CLCA and anoctamin are both possible Ca2+-activated Cl- channels (CaCCs).  CaCCs were first 
described in the 1980s in Xenopus oocytes and salamander photoreceptor inner segments (Miledi R, 
1982).  CaCCs play key roles in epithelial secretion (Kunzelmann et al. 2007), membrane excitability 
in cardiac muscle and neurons (Andre et al. 2003;  Guo et al. 2008), olfactory transduction (Matthews 
& Reisert, 2003), regulation of vascular tone (Angermann et al. 2006), and photoreception (Lalonde et 
al. 2008).  Studies reported expression of CFTR inhibits CaCC by an unknown mechanism (Wei L, et 
al. 2001).  The inhibition does not require CFTR activation but is potentiated when CFTR is activated. 
 
There are a number of proteins that were proposed to be responsible for CaCC currents, like CLCA and 
anoctamin, while anoctamin family (also known as TMEM16) exhibits characteristics most similar to 
those expected for the classical CaCC. 
 
CLC-2 and ENaC 
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The mammalian chloride channel ClC-2 is a member of the ClC voltage-gated chloride channels family.  
The voltage-gated chloride channel (ClC) family in mammals consists of nine different proteins, most 
of which are of unknown function (Jentsch and Gunther, 1997). The third member of this family, ClC-2, 
is ubiquitously expressed and is associated with a time-dependent, inwardly rectified chloride 
conductance activated by cell swelling, extracellular acid pH, or membrane hyper- 
polarization (Grunder et al., 1992; Thiemann et al., 1992; Staley et al., 1996).  This broadly expressed 
protein shows diverse cellular locations and despite numerous studies, its precise function is poorly 
understood.  Disruption of ClC-2-encoding gene in mouse might cause retinal and testicular 
degeneration and mutations in CLC2 are associated with idiopathic generalized epilepsies (Flis K, 
Hinzpeter A, et al. 2005).  ClC-2 may also be responsible for Cl− transport in mouse salivary glands 
(Flis K, Hinzpeter A, et al. 2005).  There was study on the N-terminus ClC-2, which is an inhibitory 
domain with binding affinity for actin cytoskeleton (Ahmed N, Ramjeesingh M, et al. 2000). 
 
Methods 
Datasets for verification 
I used human Kv1.2 sequences (KCNA2_HUMAN) from uniprot database; the human Kv1.2 has a 
sequence length of 499 AAs.  Human Kv1.2 β2 subunit (uniprot: KCAB2_HUMAN) has a sequence 
length of 367 AAs.   
 
Then I went to OMA browser, used human Kv1.2 as a probe for its ortholog sets, we retrieved 26 
sequences for Kv1.2 and 44 sequences for β2 subunit.   We then looked into the two species set for 
these 2 subunits, and there are 21 species in common for them.  At the end we have a total of 21 pairs 
of sequences for Kv1.2 and its corresponding β2 subunit from 21 different species.  These 21 species 
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include: BOVIN(Cattle), CANFA(Dog), CAVPO(Guinea pig), CHICK(Chicken), CHOHO(Hoffmann's 
two-toed sloth), DANRE(Zebrafish), DASNO(Nine-banded armadillo), DIPOR(Ord's kangaroo rat), 
FELCA(Cat), HORSE(Horse), HUMAN(Human), MICMU(Gray mouse lemur), MONDO(Gray short-
tailed opossum), MOUSE(House mouse), MYOLU(Little brown bat), ORYLA(Japanese rice fish), 
PANTR(Common chimpanzee), RATNO(Brown rat), TETNG(Tetraodon nigroviridis), 
TURTR(Bottlenose Dolphin), XENTR(Western clawed frog), all these 21 species are within chordates. 
 
Then we got the Multiple Sequence Alignment (MSA) using clustalw with default settings for these 21 
pairs of Kv1.2 and β2 sequences. 
 
Correlation analysis 
 
In my study, I used the general method of distance matrix based correlation analysis from our group’s 
previous study (Natarajan et al.  2010).   
 
First, after we decided a pair of protein targets that have possible interactions, we retrieved a group of 
sequences for these 2 proteins from OMA browser, these sequences will be from a variety of species 
and we use these different species to simulate the evolutionary process.  We filter these species to pick 
up only the species that have both proteins’ sequences available.  After doing sequence alignment using 
Clustalw, we tried to study the correlation between the motifs in the pair of proteins, to pick out the 
motifs, we used a simplified way.  In this simplified case, a sliding window of appropriate size is 
iteratively sampled from each protein sequence giving a total of (L – Winlen + 1) motifs, where L is the 
length of the sequence and Winlen is the window size.  Our choice of window size was based on two 
factors.  First, for every residue involved in an interaction, we wish to maximize the likelihood of 
40 
 
finding at least one more interface residue in the neighboring sequence space in either direction.  Ofran 
et.al. (2003) reported that 70% of proteins had an interface residue within 4 residues of another 
interface residue.  Applying this principle in both directions from an interface residue, we get a window 
size of 9.  Second, we argue that evolutionary pressure that acts on a residue would involve at least a 
marginal rearrangement of the local structure.  Therefore, an ideal window size would be the maximum 
length along the protein polymer chain that would be affected by a mutation at a certain position.  The 
same window size can be inferred by reference to knowledge-based potentials developed for protein 
structure prediction.  These potentials describe probability density functions (pdfs) for structural 
fragments that have been successfully employed to assess and refine protein structures.  The pdfs are 
described for 5 residues, (n +/- 4); thus the net structural impact of a particular residue will be on 
neighboring 4 residues in each direction, giving a total of 9 residues.  Remarkably, both arguments 
agree on a window size of 9 residues.  Therefore, our length for the sliding window strategy is fixed to 
9. 
 
We then calculate the distance matrix for each group of protein sequences on a 9AAs window basis, 
and convert that to a vector for each motif.  Then we calculate the correlation scores between all 
distance vectors using Pearson’s correlation coefficient, which gives the linear correlation between a 
pair of distance vectors.  The Pearson’s correlation coefficient equation is shown below as equation 3.1. 
 
𝑟𝑥𝑥 = ∑𝑥𝑖𝑥𝑖−𝑛?̅?𝑥�𝑛𝑠𝑥𝑠𝑦 = 𝑛∑𝑥𝑖𝑥𝑖−∑𝑥𝑖 ∑𝑥𝑖�𝑛∑𝑥𝑖2−(∑𝑥𝑖)2 �𝑛∑𝑥𝑖2−(∑𝑥𝑖)2           (3.1) 
 
Here 𝑥𝑖 and 𝑦𝑖 are the pairwise distance between two sequences within an ortholog set for each of the 
protein in the protein pair.  ?̅? and 𝑦� are the average distance among an ortholog set for each of the 
protein in the protein pair. 
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Comparison of background set with the target set  
 
For each pair of protein targets, after we finished calculating the correlation scores for them by sliding 
9 AAs windows.  Based on their common species set, we then retrieved all possible proteins that will 
be present in all these common species from OMA browser.  We call all of these protein pairs 
“background sets” although they might contain some positive (interacting) protein pairs, but since there 
are always many more non-interacting protein pairs than interacting ones, we believe that this 
background set works just fine as control set.  
 
Following the same procedure we did MSA on target protein pairs, we did MSA on the background set.  
We then calculated the correlation scores for them to get target set vs. background set correlation scores 
distribution plot:  we used all position pairs from the target set protein pairs, for the background set, we 
randomly pick up one protein pair, and then randomly pick a window pair within this protein pairs, we 
did this for 500*500 times and got 500*500 correlation scores for these 500*500 random window pairs. 
Then these correlation scores are used to create the density plot for the background sets.  After viewing 
the plot, if we see a clear right shift of target protein pairs from the background set, we would say that 
there would be very likely interactions for the target protein pairs. 
 
Results and Discussion 
We did TMHMM analysis (Anders Krogh, Bjorn Larsson, et al. 2001) on human Kv1.2 and got the 
results as shown in Figure 3.1. 
 
From the TMHMM analysis, we can see the 6 transmembrane domains from S1to S6; the one peak at 
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position 350-400 is actually the selectivity filter region.  Note here that the peak at around position 300 
is lower than others, this is the segment is S4, which is actually the voltage sensor, and in this 
transmembrane domain, the high proportion of charged residues makes it a lower peak in the TMHMM 
analysis. 
 
A. Validation by computing putative interacting regions between Kv1.2 and β2. 
By applying the correlation analysis onto our 21 pairs of Kv1.2 and β2 sequences, we got a correlation 
distance matrix as shown in Figure 3.2. 
 
Then we compared the correlation scores of Kv1.2 and β2 subunit with their corresponding background 
sets, we can see the comparison plot from Figure 3.3.  In Figure 3.3 A, it shows the density distribution 
of the correlation scores for target protein pairs Kv1.2 and β2 subunit in red and the corresponding 
background set in black, we can see there are two significant peaks that are off from the background set 
for our target protein pairs set at correlation score of around 0.3 and 0.7.  Shown in Figure 3.3 B is the 
cumulative density of the correlation score for target protein pairs Kv1.2 and β2 subunit against the 
corresponding background set.  We can see the target protein pairs Kv1.2 and β2 have a clear right shift 
from background set, which tells the significance of correlation for Kv1.2 and β2 subunit. 
 
Also, we picked up the top 30 correlated residue pairs shown as in Table 3.1.  The bolded positions 
showed the hotspots that are actually in the interaction interfaces, out of the top 15 hotspots, there are 8 
hotspots that showed the same domains in the interaction interfaces, position of 62-72 in Kv1.2 and 
230-246 in β2 subunit.  We marked the top correlated pairs (hotspots) onto the 3D complex structure 
(pdb id: 2A79).   
 
B. Application to CFTR and ENaC 
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By using OMA browser, for each protein here including CFTR, ENaC α, β and γ subunit, we got a 
group of them from different species under group ortholog option, and there are 37, 22, 23, 26 
sequences for each of them.  For our method to work, we assumed the CFTR and ENaC from the same 
species are interacting with each other, then we need to find the sequences that are from the same 
species for all these sequences.   
 
There are a total of 16 species that are common to all these 4 proteins, which are Homo-
sapiens(human), pan-troglodytes(common chimpanzee), macaca-mulatta(rhesus macaque), 
microcebus-murinus(gray mouse lemur), otolemur-garnettii(northern greater galago), cavia-
porcellus(guinea pig), mus musculus(house mouse), rattus norvegicus(brown rat), procavia 
capensis(rock hyrax), canis familiaris(dog), tursiops truncates(bottlenose dolphin),  bos Taurus(cattle), 
pteropus vampyrus(large flying fox), equus caballus(horse), monodelphis domestica(gray short-tailed 
opossum), ornithorhynchus anatinus(platypus).    
 
We got the TMHMM profile for all these 4 proteins.   Shown in Figure 3.6, it is the TMHMM profile 
for Human CFTR and ENaC. 
 
We used bioedit’s clustalw to align all these sequences, using default parameters, gap open and extend 
penalty set as 1.  CFTR has an alignment length of 1515, ENaC alpha 868, ENaC β 697, ENaC gamma 
672.  Since there are ambiguous amino acids for all these 4 sets of sequence data sets, we used a [0-21] 
alphabet, a total of 22 different number codes that is 20 amino acids plus gap and ambiguous ‘X’ in 
sequence. 
 
Run the correlation analysis program in matlab for these 4 sets of sequences, we got the correlation 
matrices shown in Figure 3.7.   
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We compared the target protein pairs against their background sets’ correlation scores, the results are 
shown in Figure 3.8.   From the comparison, actually we didn’t see a lot shift of our target protein pair 
from the background sets. 
 
However we still tried to mark the top correlated hot spots onto their respective 2D structures. 
CFTR vs.  ENaC alpha, possible interacting regions are: CFTR's 950-1000 AAs and ENaC 150-
220AAs; EnaC 500-600AAs are also very active, possibly interacting with many parts of CFTR. 
CFTR vs .  ENaC β, possible interaction regions are: CFTR 600-800AAs vs.  ENaC β 250-350AAs. 
CFTR vs.  ENaC gamma, possible interaction regions are: CFTR 400-480AAs vs.  ENaC gamma 280-
320AAs. 
Figure 3.9 shows the 3D structure of CFTR and ENaC. 
We then marked the top 30 correlated residues on CFTR and ENaC’s 2D structures, shown as below in 
Figure 3.10. 
From the marked hotspots, we can see the corresponding interface regions includes: 
ENaC alpha vs.  CFTR:  
1).  ENaC alpha subunit’s C terminal with a region right before NBD domain in CFTR 
2).  ENaC alpha subunit’s extracellular loop might also have functional connection with region before 
NBD domain in CFTR. 
ENaC β vs.  CFTR:  
1).  ENaC β’s N terminal with region before NBD1 in CFTR. 
2).  ENaC β’s C terminal with 3rd intracellular loop in MSD2 of CFTR. 
3).  Possible functional connection of ENaC β’s extracellular loop with R domain of CFTR. 
ENaC gamma vs.  CFTR:  
1).  Possible functional connection of extracellular loop of ENaC gamma subunit with 2nd and 3rd 
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intracellular loop of MSD2 in CFTR. 
 
C. Application to CLC-2 with ENaC. 
 
Firstly, we retrieved the sequences from the common species set among ClC-2 and ENaC’s 3 subunits. 
We got a total of 17 common species which included: : BOVIN(Cattle), CALJA(Common marmoset), 
CANFA(Dog), CAVPO(Guinea pig), HORSE(Horse), GORGO(Western lowland gorilla), 
HUMAN(Human), LOXAF(African bush elephant), MACMU(Rhesus macaque), MELGA(Wild 
Turkey), MICMU(Gray mouse lemur), MONDO(Gray short-tailed opossum), MOUSE(House mouse), 
PANTR(Common chimpanzee), PROCA(Rock hyrax), RATNO(Brown rat), TURTR(Bottlenose 
Dolphin),  which are all within chordates. 
 
We then calculated the correlation matrix of CLC2 with the 3 different subunit of ENaC.  The 
correlation matrices are shown in Figure 3.11.   
 
We then compared the background sets with our target protein pairs CLC2 and ENaC’s 3 subunites 
separately shown in Figure 3.12. 
 
From this comparison, we did see the clear right shift for CLC2 and ENaC gamma subunit correlation 
from the background set. 
 
For the next step, the mark-up of hotspots onto structure, we used the theoretical topology from 
Ramjeesingh et al. (2006) shown in Figure 3.13. 
 
The corresponding hotspots marked onto the 2D structures are shown in Figure 3.14 
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CLC2 vs.  ENaC alpha: 
1).  Intracellular N terminal of CLC2 correlated with a region of 2nd TM domain in ENaC alpha.   
2).  Beginning region of TM domain H correlated with the extracellular domain of ENaC alpha. 
CLC2 vs.  ENaC β: 
1).  Region right after TM domain D is correlated with the loop right after the 2nd TM domain in ENaC 
β. 
2).  Region before TM domain J (extracellular) is correlated with (functionally connected) the C 
terminal loop of ENaC β. 
CLC2 vs.  ENaC gamma: 
1).TM domain J is correlated with the starting region of 1st TM domain in ENaC gamma. 
2). Ending region of TM domain F is correlated with extracellular loop of ENaC gamma. 
 
D. Application to CACC (Calcium-activated Chloride Channel) vs. CFTR. 
 
Keyword search for CaCC1 (HUMAN24171)and CFTR, then started from their own 1:1 ortholog 
groups, I found 32 common species for them and while extracting these 32 species, I found rabbit has 
too many x(ambiguous) amino acids, so I just removed this one and 31 species left. These species 
included: HUMAN(Human), PANTR(Common chimpanzee), PONAB(Sumatran orangutan), 
MACMU(Rhesus macaque), CALJA(Common marmoset), TARSY(Philippine tarsier), MICMU(Gray 
mouse lemur), OTOGA(Northern greater galago), OCHPR(American pika), CAVPO(Guinea pig), 
DIPOR(Ord's kangaroo rat), MOUSE(Mouse), RATNO(Brown rat), TUPGB(Common treeshrew), 
PROCA(Rock hyrax), LOXAF(African bush elephant), ECHTE(Lesser hedgehog tenrec), 
CANFA(Dog), TURTR(Bottlenose Dolphin), BOVIN(Cattle), PIGXX(Wild boar), LAMPA(Alpaca), 
PTEVA(Large flying fox), MYOLU(Little brown bat), ERIEU(European hedgehog), SORAR(Common 
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shrew), HORSE(Horse), DASNO(Nine-banded armadillo), CHOHO(Hoffmann's two-toed sloth), 
MONDO(Gray short-tailed opossum), CHICK(Chicken), which are all within chordates. 
 
Same for CACC2 (HUMAN24172) and CFTR, 29 species, rabbit removed, so 28 common species total.  
These species included: HUMAN(Human), PANTR(Common chimpanzee), PONAB(Sumatran 
orangutan), MACMU(Rhesus macaque), CALJA(Common marmoset), TARSY(Philippine tarsier), 
MICMU(Gray mouse lemur), OTOGA(Northern greater galago), OCHPR(American pika), 
CAVPO(Guinea pig), DIPOR(Ord's kangaroo rat), RATNO(Brown rat), SPETR(Thirteen-lined ground 
squirrel), PROCA(Rock hyrax), LOXAF(African bush elephant), ECHTE(Lesser hedgehog tenrec), 
CANFA(Dog), TURTR(Bottlenose Dolphin), BOVIN(Cattle), PIGXX(Wild boar), LAMPA(Alpaca), 
PTEVA(Large flying fox), MYOLU(Little brown bat), ERIEU(European hedgehog), SORAR(Common 
shrew), HORSE(Horse), DASNO(Nine-banded armadillo), CHOHO(Hoffmann's two-toed sloth), 
which are all within chordates. 
 
Same for CACC3 (HUMAN24170) and CFTR, 36 common species, rabbit removed, so 35 total 
common species.  These species included: HUMAN(Human), PANTR(Common chimpanzee), 
PONAB(Sumatran orangutan), MACMU(Rhesus macaque), CALJA(Common marmoset), 
TARSY(Philippine tarsier), MICMU(Gray mouse lemur), OTOGA(Northern greater galago), 
OCHPR(American pika), CAVPO(Guinea pig), DIPOR(Ord's kangaroo rat), MOUSE(Mouse), 
RATNO(Brown rat), SPETR(Thirteen-lined ground squirrel), TUPGB(Common treeshrew), 
PROCA(Rock hyrax), LOXAF(African bush elephant), ECHTE(Lesser hedgehog tenrec), 
CANFA(Dog),  FELCA(Cat), TURTR(Bottlenose Dolphin), PIGXX(Wild boar), LAMPA(Alpaca), 
PTEVA(Large flying fox), MYOLU(Little brown bat), ERIEU(European hedgehog), SORAR(Common 
shrew), HORSE(Horse), DASNO(Nine-banded armadillo), CHOHO(Hoffmann's two-toed sloth), 
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MONDO(Gray short-tailed opossum), ORNAN(Platypus), MELGA(Wild Turkey), CHICK(Chicken), 
XENTR(Western clawed frog),  which are all within chordates. 
After alignment, the lengths are cacc1=954AAs, cftr1=1757AAs, cacc2=967AAs, cftr2=1712AAs, 
cacc3=1070AAs, cftr3=1571AAs. 
The correlation matrices for 3 different CACC with CFTR are shown in Figure 3.15.    
We also compared here the background sets with the CACC1-3 with CFTR’s correlation scores shown 
in Figure 3.16. 
 
Previous study has shown the regulation of CaCCs by CFTR involves the interaction of the C-terminal 
part of the CFTR’s R domain with CACCs (Wei et al.  2001), but here, from our correlation study, we 
didn’t see a very high correlation score for CaCCs with CFTR’s R domain as shown in figure 3.15. 
 
Discussion and Conclusions 
 
Firstly, by applying our correlation analysis method onto Kv1.2 and β2 complex, as shown in Figure 
3.3, we did see a clear right shift of Kv1.2 and β2’s correlation from their background set with same 
species set.  This shift validates our method of correlation analysis to infer the possible interaction 
between interacting protein pairs.  
 
Then by correlation study on CFTR and ENaC network system, there was no clear shift of CFTR with 
ENaC’s 3 different subunits from their corresponding background sets, which means CFTR and ENaC 
might “interact” with some intermediates.  For Clc2 and ENaC, only Clc2 and ENaC γ subunit shows a 
right shift from the background set with the same species set, and we marked the corresponding 
hotspots onto their 2D structures.  For CACC and CFTR, only CACC3 and CFTR show a right shift 
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from their corresponding background set. We did the same to mark their hotspots onto their 3D 
structures.  Here, for CLC2 and ENaC, the interacting interfaces include TM domain with extracellular 
loop or another TM domain, which is in this case mostly because of functional correlation but not 
physical interaction.  For CACC and CFTR, in spite of they are both Chloride channels, they have 
some significant correlation from the average background correlation.  The pinpoint of correlated 
window pairs shows that these are the NBD2 from CFTR and VWFR domain from CACC3, which are 
possible functionally connected.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
50 
 
Figures and Tables: 
 
 
 
 
Figure 3.1.  TMHMM for human Kv1.2, the 6th tm domain is actually selectivity filter, and the other 6 
are real TM domains. 
 
 
 
Figure 3.2.  Correlation matrix for Kv1.2 and β2. 
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Figure 3.3.  Comparison of correlation scores for background sets with Kv1.2 and β2 sets. 
 
 
 
 
 
 
 
 
 
 
 
 
 
(Figure 3.4 cont.) 
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Figure 3.4.  A), structure of Kv1.2 (blue) in complex with Kvβ2 (red) in ribbon representation (Protein 
Data Bank code 2A79 (Long SB et al. 2005).  The cell membrane is indicated by the straight lines.  B-
F).  3D structure marked with top 30 hot spots. 
 
 
    A           B 
(Figure 3.5 cont.) 
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         C 
                        
 
Figure 3.5.  “ A.  Cartoon of CFTR’s two dimensional structure, showing the domains in CFTR.  B.  
Homology model of CFTR constructed from Sav1866 exporter, where the domains are colored as it is.  
The unique CFTR R domain, which is largely unstructured, was approximated by constructing an 
ensemble of dynamically accessible conformations derived from ab initio folding.  R domain backbone 
size is rendered in proportion to variations of Cα atoms.   C.  View of the functional ASIC1mfc trimer.  
Chloride ions are green spheres.  The 'thumb', 'finger' and wrist regions are labeled.  Grey bars suggest 
the boundaries of the outer (out) and inner (in) leaflets of the membrane bilayer.  (Adrian W. R. 
Serohijos et al. 2007)” 
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Figure 3.6.  We can see the 12 transmembrane domains, 2 large intracellular domains and short 
extracellular domains for CFTR, also the 2 transmembrane domains and 1 large extracellular domain 
for ENaC. 
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Figure 3.7.  Correlation matrix for ENaC and CFTR.  Overall, the correlation scores are either very 
close to 1 or 0.   
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Figure 3.8.  Correlation scores comparison of background set with the target pair of CFTR and ENaC’s 
3 subunits. 
 
 
 
 
Figure 3.9.   (A): CFTR: 76-328 1st 6 TM domains, 861-1123 2nd 6 TM domains, NBD1 380-650AAs, 
the region with high correlation score are the region squared with black line (Serohijos AW, et al. 2008). 
(B):  ENaC (2qts),  Acid-sensing ion channel, cyan-alpha subunit, yellow-β subunit , green-gamma 
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region, the high correlation score region colored red or close to red.  This protein is about 400AAs long.   
 
 
 
   A       B 
 
 
  C       D 
 
Figure 3.10.  Top highly correlated residues marked onto 2D structure of ENaC and CFTR.  A). Top 30 
correlated residues marked onto CFTR from the correlation analysis of CFTR vs.  ENaC alpha subunit.  
B). Top 30 correlated residues marked onto CFTR from the correlation analysis of CFTR vs. ENaC β 
subunit.  C). Top 30 correlated residues marked onto CFTR from the correlation analysis of CFTR vs.  
ENaC gamma subunit. D). Top 30 correlated residues marked onto ENaC 2D structure from the 
correlation analysis with alpha, β and gamma subunit respectively. 
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Figure 3.11.  Correlation matrix of CLC-2 with ENaC-α subunit, here we can see the C-terminal 
domain of CLC-2 is involved in the interaction (red hotspots from 600 to the termini region). 
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Figure 3.12.  Comparison of correlation scores for CLC2 with 3 different ENaC’s subunits and the 
corresponding background sets. 
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Figure 3.13.  A. i).CLC 2’s theoretical topology and topology from biochemical studies( trypsin 
cleavage).  ii).  Biochemical studies of regions in real rat clc-2 sequence.  B.  dimeric and monomer of 
CLC-2 channel of E.coli (1KPK) (Ramjeesingh et al.  2006) . 
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Figure 3.14.   A.  Top 20 marked hot spots for rat clc-2.  1 for hot spots with ENaC-α, 2 for hot spots 
with ENaC-β and 3 for hot spots with EnaC-γ.  B.  Corresponding positions in ENaC α, β or γ subunit. 
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   A       B 
 
 
   C 
 
Figure 3.15 Correlation matrix for CACC1, CACC2 and CACC3 with CFTR.  A).  Cacc1, the R domain 
in CFTR is around 710-1100 in alignment, gaps from 850-990.  B).  Cacc2, the R domain in CFTR is 
around 600-980 in alignment, gaps from 730-870.  C).  Cacc3, the small squared hot region was mostly 
gaps, the R domain is from 600-900 in alignment. 
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Figure 3.16.  Comparison of correlation scores for background sets and CFTR with CACC1, 2, 3. 
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Kv1.2 Motif Start Kv1.2 Motif End β2 Motif Start β2 Motif End Correlation Score 
63 71 238 246 0.991 
382 390 164 172 0.990 
377 385 159 167 0.990 
62 70 232 240 0.989 
64 72 234 242 0.988 
376 374 158 166 0.987 
62 70 233 241 0.987 
382 390 160 168 0.985 
382 390 225 233 0.984 
384 392 50 58 0.983 
62 72 229 237 0.983 
62 70 230 238 0.983 
378 386 327 335 0.983 
378 386 328 336 0.982 
63 71 231 239 0.981 
376 384 224 232 0.980 
381 389 127 135 0.980 
376 384 219 227 0.979 
63 71 235 243 0.979 
382 390 308 316 0.979 
382 390 309 317 0.979 
382 390 161 169 0.978 
375 383 326 334 0.977 
58 66 310 318 0.977 
382 390 167 175 0.977 
106 114 227 235 0.977 
382 390 314 322 0.976 
375 383 226 234 0.976 
58 66 313 321 0.976 
376 384 156 164 0.974 
 
 
 
Table 3.1 Top 30 correlated residue pairs for Kv1.2 and β 2.  Bolded are the ones that are actually 
located at the interaction interface. 
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Table 3.2 Yeast two-hybrid assay of CFTR and ENaC interaction. (K Kunzelmann, G.L Kiser, et al. 
1997) 
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Chapter IV 
 
Interacting domains within a species— acetylcholine receptors  
 
 
Abstract 
 
In prior work we used site-specific motif-based correlation analysis to study the epithelial sodium and 
chloride channels, their possible interactions and interaction interfaces.   Here we further expanded the 
method to the study of Ach receptors complex.  Here, the subunits of different types of Ach receptors 
complex are our target proteins.  In this case we are confident the subunits within an Ach receptor 
complex are interacting with each other, while not interacting for the subunits that are across different 
types of Ach receptors, i.e. neuronal and muscle type Ach receptors.    
 
Here, we also studied the total randomized background correlation matrices and different Ach receptors 
background sets' correlation matrices, and use the background correlation matrices to calculate the P-
value of possible interaction subunits of different Ach receptors. 
 
Introduction 
 
Nerve cells communicate rapidly with their target cells by releasing neurotransmitter in regions of close 
apposition known as the chemical synapse.  The chemical transmitter binds to ion channels in the target 
cell membrane and opens them transiently, allowing selected ion to flow through and cause a change in 
membrane potential.  The nicotinic acetylcholine receptor, at the nerve/muscle synapse, is one of the 
best characterized transmitter-gated ion channels. 
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The nicotinic acetylcholine (Ach) receptor is a key player in neuronal communication, converts 
neurotransmitter binding into membrane electrical depolarization.  nACh contains binding sites for 
neurotransmitter acetylcholine and a cationic trans-membrane ion channel. 
 
When Ach enters the ligand-binding domain it initiates rotations of the protein chains on opposite sides 
of the entrance to the membrane-spanning pore.  These rotations are communicated to the pore-lining 
alpha-helices and related to the opening and closing of the gate. 
 
All nAch receptor subunits have the following: 1) a conserved extracellular large NH2-terminal domain 
of 200 amino acids; 2) prominent and conserved, three transmembrane (TM) domains; 3) a cytoplasmic 
loop of variable size and amino acid sequence; and 4) a fourth TM domain with a relatively short and 
variable extracellular COOH-terminal sequence.  Also common to all subunits of this extended family 
of ligand-gated ion channels is the occurrence in the first extracellular domain of a cysteine-loop (Cys-
loop) defined by two cysteines (Cys) that in the eukaryotic subunits are separated by 13 intervening 
amino acids.  On the other hand, Tasneem et al. (2004) and Rendon et al. (2011) found the bacterial and 
archaeal members do not have cysteins in the corresponding regions within subunits.  However, all 
these family members have a proline at position 13 that is completely conserved across prokaryotes and 
eukaryotes. 
 
Subunits are next classified into α- and non-α subunits based on the presence of a Cys-Cys pair 
(residues 191–192 in Torpedo α1) near the entrance to TM1.  The Cys-Cys pair is required for agonist 
binding (Karlin et al. 1986) and its presence designates the subunit as a α-subtype (Lukas et al. 1999).   
Based on their major site of expression, nAChRs are subdivided into muscle or neuronal subtypes. 
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Nicotinic receptors are made up of 5 subunits; they are arranged symmetrically around the central pore.  
In the muscle-type receptors, found at the neuromuscular junction, receptors are either the embryonic 
form, composed of α1, β1, δ and γ subunits in a 2:1:1:1 ratio, or the adult form composed of α1, β1, δ 
and ε subunits in a 2:1:1:1 ratio (Camacho et al. 1993; Mishina et al. 1986 and Francis & Papke 1996).   
The neuronal subtypes are various homomeric or heteromeric combinations of twelve different 
nicotinic receptor subunits: α2 through α10 and β2 through β4 (Role and Berg, 1996).   
 
Here we studied both the neuronal and muscle-type Ach receptors, by calculating the correlation 
matrices between the different subunits combinations. 
 
Materials and Methods 
Correlation Analysis 
The correlation analysis was done in exactly the same fashion as for the epithelial sodium and chloride 
channels in the previous chapter. 
 
Creation of Background Sets 
I first created a background set correlation score scales for later use.  I randomly generated protein 
sequences of length 200 with equal probability (1/20) for each amino acid.  Here I generated several 
sets of them, for each set, they will have different number of sequences (5, 10, 15, 20, 25, 30) to 
represent different number of species in real sets.  Then for each pairs of randomly generated sequence 
sets, I used the same method (sliding windows as stated above) to calculate the correlation scores for 
that particular sets.  For each set, I then calculated the mean correlation score, the 95% cutoff value (the 
correlation score that is significantly not zero).  These values are shown in table 4.1.  The complete 
random background distributions are plotted in Figure 4.1.  
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In addition to the random background set, a species background set was created for each pair of 
proteins whose interaction propensity is assessed.  To create the species background set, orthologous 
protein pairs are chosen at random for all the species for which the interactions of a specific pair are to 
be assessed, and the same sliding window of 9 is used to generate a distribution of correlation scores.  
We assume that the large majority of the protein pairs will be non-interacting, so the distribution is 
chosen to represent the distribution of non-interacting pairs.  The species background is not distributed 
around zero because it is biased by the variable rates of different amino acid substitutions.  This effect 
produces a pseudo-correlation.  The substitutions are not actually correlated but are governed by the 
same underlying probabilities.  Species background distributions are shown in each background and 
target protein pairs distribution plots.   
 
Definition of meaningful correlation scores 
 
 
By using these totally random background sets, we can define the meaningful correlation score as those 
scores which are significantly not zero based on different number of species in the target protein pairs 
ortholog sets, i.e. for 20 species, if one motif pair has an absolute correlation score that is higher than 
95% of the scores from the random set, we consider it as a meaningful correlation score.  The cutoffs 
are listed in table 4.1.  It is seen that the cutoff score is much lower the more sequences (pseudo-species) 
are used in the distribution.   
 
P-value Calculation 
 
Firstly, based on the number of common species for our target protein/subunit pairs, we used the 
corresponding cut-off correlation scale as the cut-off value for our target protein/subunit pair.  Then we 
calculate the proportion of meaningful (statistically non-zero) correlation scores among all motif pairs’ 
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correlation scores.  For the background, the correlation scores were calculated based on randomly 
selected protein pairs from same species set of corresponding target protein/subunit pairs, we calculated 
correlation scores for 1000 randomly selected protein pairs, and for these 1000 protein pairs, we 
calculated proportion of meaningful correlation scores for each of them and then we compared these 
proportions with the proportion for our target protein/subunit pair, and the ratio of proteins with 
meaningful correlations larger than the target protein/subunit pair is the final p-value. 
 
Correlation scores distribution plot 
 
Here for target protein/subunit pairs, we used the correlation scores calculated as mentioned above for 
sliding window pairs.  For the background sets, the correlation scores were calculated based on 
randomly selected motif/window pairs from randomly selected protein pairs that come from the same 
species set as the corresponding target protein/subunit pair.  Here we calculated correlation scores for 
500*500 randomly selected motif pairs.  Then these correlation scores for background motif pairs and 
target protein/subunit pairs are plotted based on their relative density for different correlation scores 
within their common range. 
 
Target protein/subunit pairs 
 
I looked into the different subunits of Ach receptors, firstly studied with muscle Ach receptors, using 
both adult and embryotic form of the receptors with each form containing 4 different subunits.   At the 
same time, I calculated the correlation matrices for their corresponding background species set, using 
these background sets, I calculated the P-value (the probability of observing non-zero correlation 
comparing the target proteins to the background sets).   
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For the neuronal Ach receptors set, I calculated correlation matrices for the combinations α3-β4, α5-β4, 
and α9-β4 which are the combinations known in nature (Listerud et al. 1991; Groot-Kormelink et al. 
2001 and Boorman et al. 2000), and also the corresponding P-values from backgrounds.    
  
Result and Discussions 
Firstly I studied the muscle type of Ach receptors, as shown in Table 4.2; they have different numbers 
of common species for different pairs of subunits.  For adult muscle type Ach receptors, they have 19 
common species.  This species set includes: CALJA(Common marmoset), CANFA(Dog), 
CAVPO(Guinea pig), DIPOR(Ord's kangaroo rat), ECHTE(Lesser hedgehog tenrec), HORSE(Horse), 
HUMAN(Human), LOXAF(African bush elephant), MACMU(Rhesus macaque), MONDO(Gray 
short-tailed opossum), MOUSE(House mouse), MYOLU(Little brown bat), OCHPR(American pika), 
PANTR(Common chimpanzee), PONAB(Sumatran orangutan), PTEVA(Large flying fox), 
RATNO(Brown rat), SPETR(Thirteen-lined ground squirrel), TURTR (Bottlenose Dolphin).  All of 
these are mammals.   For embryo muscle type Ach receptors, they also have 19 common species.  The 
only difference of these 19 species from adult type Ach receptors are LOXAF(African bush elephant), 
MYOLU(Little brown bat), OCHPR(American pika); which are replaced by FELCA(Cat), 
ORNAN(Platypus), PROCA(Rock hyrax).   These 19 species are also all mammal species. 
 
After the construction of correlation matrices for these different subunit pairs, we then compared them 
against the corresponding background sets.  The results are shown in Figure 4.1. 
 
In Figure 4.1, we see that for α and β subunit, there is no clear shift or difference between the target 
protein pairs and the species background set as shown in the top left plot, but we did see a clear shift or 
difference for ε and γ subunit, there is a clear peak around correlation score of 0.75, which tells the 
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possible interaction between ε and γ subunits.  The bottom plot in Figure 4.1 is the same plot for α and 
β subunits with our total random background set depicted in blue, as we can see, the total random 
background is actually a standard normal distributed plot, with its left side (the half side less than 0) 
very close to the species background set and target protein pairs set for α and β subunits. 
 
Using the proportion of seeing a correlation (the proportion of larger than the total randomized 
background for sample and background set), we can see the similar results as shown in table 4.3. 
 
As we can see,  when we just use the subset species (either embryotic or adult muscle-type Ach 
receptors), the P-values are all similar, the only significant subunit pair here is δ and ε with a p-value of 
0.03, but if we use the common species set for both adult and embryotic muscle-type Ach receptors (16 
species here), many more pairs of subsets have a significant correlations now, for example α and δ, α 
and ε, β and δ , β and γ, δ and ε, δ and γ,  ε and γ.  The difference of 16 common species from the 19 
are the 3 species: LOXAF(African bush elephant), MYOLU(Little brown bat), OCHPR(American pika) 
removed from the adult muscle type common 19 species and the 3 species: FELCA(Cat), 
ORNAN(Platypus), PROCA(Rock hyrax) removed from the embryonic type common 19 species.  The 
removal of 3 species leads to a very significant level of correlation analysis performance, which 
indicates these 3 species might be the outliers for the system’s phylogenetic tree.  By removing 3 
species from both adult and embryonic muscle type common 19 species, we might end up with a good 
subset of distance matrix which describes the theoretical evolutionary history much better, and this 
subset distance matrix’s finding is similar to the MMM (MatrixMatchMaker algorithm) method (Alex 
Rodionov, Alexandr Bezginov, et al. 2011); which aims to find the best subset of distance matrix by 
pre-set threshold to achieve best correlation analysis performance.   These 19 species are also all 
mammal species. 
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We showed the correlation matrices for the pairs of δ and γ, ε and γ in Figure 4.2. 
 
Next, we studied the neuronal-type Ach receptors, there are some known interacting subunits for these 
receptors, e.g. α3, α5 and β4 (Fan Wang, Volodymyr Gerzanich, et al. 1996; Paul J Groot-Kormelink, 
James P Boorman, et al. 2001).  There are a total of 22 common species for these 3 subunits, and they 
are: AILME(Giant panda),  HUMAN(Human), OCHPR(American pika), TURTR (Bottlenose Dolphin), 
ANOCA(Carolina anole), MACMU(Rhesus macaque), ORYLA(Japanese rice fish), BOVIN(Cattle), 
MELGA(Wild Turkey), PANTR(Common chimpanzee), CALJA(Common marmoset),  MICMU(Gray 
mouse lemur), PIGXX(Wild boar), CANFA(Dog), MONDO(Gray short-tailed opossum),  
PONAB(Sumatran orangutan),  GORGO (Western lowland gorilla), MOUSE(House mouse), 
PTEVA(Large flying fox), HORSE(Horse), MYOLU(Little brown bat), RATNO(Brown rat).  All of 
these 22 species are chordates. 
 
In Figure 4.3, we showed the correlation matrices calculated for α3, α5 with β4, but we didn’t see an 
obvious correlation in between these subunits, the P-value calculation showed the similar results as in 
Table 4.4. 
 
Also, I did a correlation analysis on the mixed type of muscle and neuronal type subunits, they are 
expected to not interacting with each other, and shown below in Table 4.5 are the p-values calculated 
for the subunit pairs that we studied. 
 
Here we can see the p-values for mixed type ach receptor subunits are pretty high, which are as 
expected. 
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Summary and Discussion 
 
Here we studied the totally randomized sequences’ correlations and found out they followed a standard 
normal distribution centered at 0, these standard normal distributions get wider as the number of 
species increase (higher cut-off significant value).   
 
For our target proteins-Ach receptors, we studied both the muscle and neuronal-type Ach receptors, for 
muscle-type Ach receptor, we did find several pairs of possible interacting(correlating) subunits, 
especially for γ and ε subunits, they don’t appear at the same Ach-receptors, but in different type of 
receptors (adult and embryonic type Ach receptors) with same subunit partners, the correlation analysis 
showed the correlation between these 2 subunits simply from accommodating to the similar interacting 
subunits in different receptors. 
 
For neuronal-type Ach receptors, here for the 3 known interacting pairs of subunits, α3, α5 and β4, we 
didn’t find a strong evidence of correlation among them using our method.  We proposed that one 
possible reason is that for neuronal type Ach receptors, their composition of subunits are more flexible, 
so in this case, one subunit might have to co-evolve with many other different subunits, then for one 
specific subunit pair, the correlation will be lower compared to fixed subunit pair for muscle type Ach 
receptors. 
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Figures and Tables: 
 
 
 
                                      
 
Figure 4.1.  Correlation scores distribution plots for muscle-type subunits, here are 2 sample pairs, α 
with β (upper left), ε with γ (upper right), black curves showing the distribution for background 
correlation scores and red curves showing the distribution for target pair correlation scores.  Also, the 
bottom plot is the distribution plot for α with β plus the total random sets depicted in blue color. We can 
see the correlation between α and β is not that obvious, but for ε and γ, there’s obviously a peak right 
side of correlation score of 0.5, which tells the strong correlation between these 2 subunits.  Also, the 
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total random background set is generally a standard normal distribution, with its left side distribution 
(less than 0 half) close to both species background set and target protein pairs set.  
 
  
 
Figure 4.2.  The correlation scores density plot for pairs of δ and γ, ε and γ subunits (red) and their 
corresponding species background set (black), here the peak on the right side of graphs agrees with the 
p-value calculated. 
  
 
 
Figure 4.3.   Correlation scores distribution plots for selected neuronal Ach-receptors.  Red curve 
depicts the target protein pairs while black curve depicts its corresponding species background sets. 
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Table 4.1.  Here the table shows the correlation scores and corresponding 95% quantiles calculated for 
different data sets with from 5-30 species.  DF (degrees of freedom) is the total number of pairwise 
distances in each set, given by DF=n(n-1)/2 where n is the number of species.  The expected 95% 
quantile is derived from theory of double tailed distributions.  The remaining columns are derived from 
my random background sets.   
 
 
 
Subunit 
pair 
    α-β   α-δ   α-ε α-γ   β-δ   β-ε β- γ   δ-ε δ- γ 
Common 
species 
24 31 28 29 25 26 24 30 30 
 
 
Table 4.2.  The number of common species among different pairs of subunits for muscle-type Ach 
receptors. 
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Adult-common(19 species)  
Subunit pair      α-β   α-δ   α-ε   β-δ   β-ε   δ-ε 
P-value 0.6042 0.1082 0.1833 0.4539 0.1913 0.0321 
 
Embryonic-common (19 species)  
Subunit pair      α-β   α-δ   α-γ   β-δ   β- γ   δ- γ 
P-value 0.3400 0.2407 0.3300 0.1836 0.3490 0.2648 
 
5-subunit-common (16 species) 
Subunit 
pair 
    α-β   α-δ   α-ε α-γ   β-δ   β-ε β- γ   δ-ε δ- γ ε-γ 
P-value 0.0872 0.0361 0.0481 0.0671 0.0210 0.0230 0.0401 0.0070 0.0200 0.0200 
 
 
 
Table 4.3.  P-values calculated based on the proportion of seeing a real correlation for samples sets 
and background sets. 
 
 Ach α3 β4 Ach α5 β4 
P-value 0.928 0.933 
 
 
 
Table 4.4.  P-values calculated for known pairs of subunits from neuronal-type Ach receptors. 
 
 
 α1β2 α1β3 β1β2 
P-value 0.804 0.867 0.94 
 
 
Table 4.5.  P-values calculated for mixed pairs of subunits from neuronal and muscle type Ach 
receptors. 
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Chapter V 
 
Interacting Domains across Species—Toxins and Potassium 
Channels 
 
Abstract 
 
Many venom toxins interfere with ion channel function.  Toxins, as specific high affinity ligands, have 
played an important part in purifying and characterizing many ion channel proteins.  Here we studied 
the correlated evolution of conotoxins and scorpion toxins and their specific voltage gated potassium 
channels targets, specifically the pore region of the potassium channels.  We successfully pinpointed 
the highly correlated residue pairs from interacting conotoxins or scorpion toxins and their potassium 
channel targets, and these hot spot residue pairs were marked onto 3D structures of them respectively, 
which provided a clear view of the interacting mechanisms of them.  We also studied the relationship of 
residue pair’s correlation score and their relative physical distance; a reversed linear relationship of 
these two factors was found.  At the end, we plugged the hot spot information into 3D complex 
structure docking software and predicted a 3D complex structure of Kv1.2 and Ktx 3.7. 
 
Introduction 
Potassium channels and Toxins 
Most potassium channels are tetrametric integral protein complexes which form trans-membrane pores 
to specifically control the permeation of K+.  They are present in many types of cells in which they 
play multiple roles.   A well-known role is in electrical signaling nerves.  Many toxins from predators 
(snakes, sea snails, scorpions etc.) select K+ channels as their targets to disrupt their prey’s nervous 
systems by blocking voltage-dependent potassium channels.   For this reason, toxins are subjects for 
the study of analgesics for cancer or neuropathic pain (Bruce G. Livett., et al. 2004). 
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There are many ways of classification on the potassium channels.  One useful classification system is 
TCDB (transporter classification data base, Saier et al. 2006).  In this chapter, the potassium channels 
we are analyzing are either calcium activated or voltage gated potassium channels.  What they have in 
common is their interactions with scorpion toxins have been studied.   The potassium channels 
generally have a pore selectivity filter with two completely-conserved glycines separated by one 
residue, usually a tyrosine.   The absence of glycine side chain permits the formation of an extended 
region in the pore lined by carbonyl oxygens that form a structure optimized for passage of potassium 
ions and much less favorable for others. 
 
Toxins that target K+ channels are short peptides, normally around 20-60 AAs (Peter D. Anderson and 
Gyula Bokar, 2012; Kenton J Swartz, 2013).  The most prominent characteristics of these peptides are 
the disulfide bonds which compose their backbone (Chen R, Chung S-H. 2012).   Toxins are classified 
based on the number and relative positioning of the backbone cysteines.   Most Kv channel targeting 
toxins have six cysteins (Chen Z-Y, Zeng D-Y, et al. 2012).  3D structures have been solved by NMR 
for many of the toxins and are found to have some similar properties (Benjamin Chagot, Cyril Pimentel, 
et al. 2005; Lippens G, Najib J, et al. 1995).  Specifically, they are mostly composed of one α-helix and 
two or three anti-parallel β-strands (depending on the length of N terminal strands) and are stabilized 
by three or four disulfide bonds. 
 
Interaction of K channels and Toxins 
Both conotoxins and scorpion toxins selectively target K+ channels; some of them exhibit nanomolar or 
picomolar affinities.   More than 120 toxins isolated from scorpion venom selectively block K+ 
channels (Rodriguez et al. 2004). 
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Because of the biodiversity of toxins and channels, one can reasonably use statistical methods to 
unravel the molecular determinants that control the selectivity and affinity of their channels.  In this 
respect, the importance of the structural flexibility of both toxins and the channels in favoring a 
selective and high-affinity fit upon interaction is well-known.  The design of drugs aimed to control K+ 
flux is aided by a detailed understanding of both the toxin folding and the contact surface between 
toxins and channels. 
A major mechanism of action of toxins is physical pore blocking.  The high-affinity binding for Kv 
channels is associated with the presence, in most toxins, of a dyad (Darbon et al. 2004) formed by a 
lysine residue entering by its side chain into the ion channel pore and an aromatic (Tyr or Phe) residue 
positioned to have a strong stabilizing interaction with a methionine or a proline residue. 
 
Methods 
Datasets 
a. Sequence retrieval of conotoxins and scorpion toxins. 
Of the 466 conotoxin sequences from Pfam database (Punta et al.  2004),  260 have the C-C-CC-C-C 
S-S motif, which is the framework of O super-family.   Because of the high variability of these 
sequences, multiple sequence alignment only shows the conserved S-S backbone motif clearly. 
 
The scorpion toxins can be classified into 3 big families: Alpha toxin subfamily, beta toxin subfamily 
and potassium channel inhibitors subfamily.   Scorpion toxins are relatively more conserved and better 
studied with known targets than conotoxins.  129 scorpion toxin sequences (K+ inhibitor family) were 
retrieved by blasting the sequences from literature against SDSCNR. 
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Scorpion toxins from α and β toxin family mainly target Na+ channel, while potassium channel 
inhibitors family target potassium channels.  Their mechanisms are also different.   α and β families 
block channel by affecting the activation or inactivation of channels, not by directly binding and 
blocking of the channel pore, which is the mechanism used by potassium channel inhibitors family 
(Possanil and Becerril 1999).  The alpha and β family toxins have mostly 60-70 amino acids, while 
potassium channel inhibitors family have approximately 20 to over 40 amino acids, which is a similar 
to length of conotoxins. 
 
Besides the six conserved cysteins forming the backbone, it’s known from literature (Darbon et al.  
1999) that the Lys before 4th Cys and Tyr/Phe after the 6th Cys compose the famous function dyad for 
binding to K+ channels.  Also, another attribute is the presence of the positively charged residues 
throughout the sequence.   These two attributes were included in the two interaction motifs between 
toxins and K+ channels.  
 
For my work, firstly, I got the sequences data sets of scorpion toxin families from a scorpion toxins’ 
specific data base from Tan et al. (2006).  In this database, they listed 10-20 non-duplicated scorpion 
toxins for each family.   This is definitely not the whole group.  I picked up the β toxin family and k 
inhibitors family.   Based on the known sequence, I did blastp on each sequence against SDSCNR 
database in biology workbench.   Finally, I got 128 sequences for k inhibitor family and 103 sequences 
for β toxin family. 
 
Next, I did alignment of these 2 families on clustalx1.81 using default options.  Based on the sequence 
alignment results, I did the sequence logo of these 2 families as shown in Figure 5.1. 
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From the alignment and sequence logo, firstly we can see the conserved cysteine backbone motif.  
Look into the result of k inhibitor toxin family, besides the conserved cysteine; we can see the 
conserved K around position 31 right before the 4th cysteine, and also the relatively conserved Y right 
after the last cysteine.  These 2 residues (K and Y) formed the famous dyad symmetry motif.  (They are 
6-7 A apart from each other in 3-D structure, which is just corresponding to the k channel selectivity 
filter tyrosine residue and hydrophobic region around the entrance of the pore.) 
 
We can also see the blue colored amino acids are pretty conserved (these are positively charged amino 
acids-arg or lys).   
 
b.  Retrieval of K+ channel sequences and conservation pattern analysis of the segment between 
s5-s6. 
 
37 scorpion toxins with known K+ channel targets and binding affinities were selected from literature.  
Although there is a many-to-one mapping between K+ channels and toxins, but for each toxin, we only 
used its target potassium channel with highest binding affinity; We ended up with 51 interacting pairs 
of toxins and K+ channels.   K+ channel sequences that are targets of scorpion toxins from literature 
were taken from VKCDB (voltage gated K+ channels data base, all sequences were from human and 
included 8 unique K+ channel sequences) and aligned using ClustalX using default settings [weight 
matrix: Gonnet, gap open penalty=10, gap extension penalty=0.2, nearest neighbor joining clustering 
method used].  [VKCDB: voltage-gated K+ channel database updated and upgraded.  Nucl.  Acids Res.  
(2010) doi: 10.1093/nar/gkq1000 ].    
 
 Figure 5.2 shows the sequence logos for the sequences of potassium channels used in correlation 
matrix analysis and table 1.1 shows the binding affinities for selected potassium channels and scorpion 
toxins.  The height of the alphabet denotes the degree of conservation of the residue at that position 
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(Turret starts from “EAD” at the beginning). 
   
By looking at the sequence logo, we found that Pore Helix and Selectivity filter are highly conserved 
regions.   In the selectivity filter, the region following ‘Tyr’ is in the vicinity of interaction with toxins 
and Tyr is important for the binding affinity by interacting with Lys plug from toxin.   In this 
interaction, tyrosine side chain does not interact with the lysine.   What interacts with the lysine side 
chain is the carbonyl oxygen.   In the linker region, Met and Pro are relatively conserved and interact 
with the hydrophobic F/Y in toxins.   In the turret region, several negative residues in the initial 
segment serve to attract cations and orient the toxin to present the positively charged lysine towards the 
pore mouth.  Also, the conserved Phe before the pore helix may be involved in hydrophobic interaction 
with toxins.  The other part of the turret is variable; we propose that it is mainly this variability that is 
involved in binding specificity. 
We also showed the binding affinity for some of the toxin and K channel pairs as in Table 5.1. 
 
Results and Discussion 
 
Using the mutual information measure, we computed the correlation matrix to identify correlated pairs 
of substitution patterns between K+ channels and toxins.  The correlation matrix is shown in Figure 5.3 
A.  To assess the significance of the correlation, we permuted the K+ channel and toxin sequences so 
that we have mismatched pairs, and recomputed the correlation matrix.  This is shown in Figure 5.3 B. 
From the above figures, it is clear that the correlations we obtained for matched pairs are much higher 
than that for mismatched pairs.   For toxins, there are 4 positions that show high correlation: 16th, 20th, 
26th and 37th.   Positions 16, 20 are located right before the 2nd and 3rd Cys respectively, the 26th 
position is relatively conserved as a Gly.   Position 37 is mostly a Lys located right before the 5th Cys.   
For K+ channels, the high correlation region is from position 5-10, which is the highly variable region 
of the turret.   The highest correlated pairs (the 37th column excluded) are (27, 5), (27, 8), (29, 8), which 
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also tells the importance of the variable region of turret in binding specificity.   A correlation matrix 
analysis by grouping 20 amino acids into five groups based on their properties (non-polar aliphatic, Gly, 
Ala, Val, Leu, Ile, Pro; Polar uncharged, Ser, Thr, Cys, Met, Asn, Gln; Aromatic, Phe, Tyr, Trp; 
Positively charged, Lys, Arg, His; Negatively charged, Asp, Glu) gave similar results.   In order to find 
out the positions that are important for binding specificities, I did an evolutionary conservation score 
analysis based on all the 129 scorpion sequences.   Fig.5.4 shows the result of evolutionary 
conservation score analysis by coloring the residues in 3D structure (Ktx3.7, 1SCO) based on their 
conservation level (dark color for higher conservation).  We can see that three out of the four residues 
(Q13, P17, K32) from correlation analysis (represented in sticks) have the same low level of 
conservation (shown same white color), we predict that they are most probably involved in binding 
specificities (actually these 3 positions are at the second lowest level of conservation, which means 
they are most probably the positions that discriminate different subgroups-different binding 
specificities among a big family).   Gly22 has a relatively dark color; we predict that it is important 
because it is located at the hinge position between α-helix and the following β-sheet. 
 
We then marked the hot spot residues onto 3D structures of protein pairs as shown in Figure 5.5. 
 
Here we proposed the linear relationship of correlation scores and physical distances of residue pairs in 
protein complex, and we did a distance calculations on a known potassium channel-charybdotoxin 
complex (pdb id :2A9H).  Shown in Figure 5.6 is the corresponding distance matrix for this complex. 
By plotting the correlation scores vs. its corresponding relative physical distance from known structure 
2A9H, we got a scatter plot as shown in Figure 5.7, and we did find the relative negative linear 
relationship of correlation scores and physical distances. 
 
Using the hot spots results from our correlation analysis, we used docking software (autodock/zdock) 
to simulate the 3D structure for unknown potassium channel and toxin complexes; here we showed a 
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docked structure as in Figure 5.8.   
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Figures and Tables: 
 
 
 
                         103 sequences of β scorpion toxin family 
 
 
                     128 sequences of k inhibitor scorpion toxin family 
 
Figure 5.1.  Sequence logo for scorpion toxin families. 
 
 
 
 
Figure 5.2.   Sequence logo for K+ channels’ pore regions used in this correlation analysis.  Including 
8 unique K+ channel sequences for human species: Kv1.1, Kv1.2, kv1.3, Kv1.6, Kca1.1, Shaker, Lkca, 
Skca. 
 
 
91 
 
 
         A                                                                                   B 
 
Figure 5.3.  Correlation matrix for 37 pairs of scorpion toxins and corresponding K+ channel targets.  
A).  Interacting pairs B).  Shuffled random pairs. 
 
 
 
 
Figure 5.4.  Evolutionary conservation score analysis by coloring the residues in 3D structure (Ktx3.7, 
1SCO) based on their conservation level. 
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Figure 5.5 Marked hot spots residues on 3D structure for 2a79 (left,human Kv1.2) and 
1sco(right,OsK1). 
 
  
   A       B 
 
 
Figure 5.6.  A.  Distance matrix for potassium channel-charybdotoxin complex (2A9H) and B.  the 
corresponding correlation scores matrix.   
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Figure 5.7.  Scatter plot of residue pairs distances vs. correlation score.   
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Figure 5.8.  Structure docking for Kv1.2 (2A79, shown in A) and Ktx 3.7 (1SCO, shown in B), the final 
docked structure is shown in C, with an interaction energy= -9kJ/mol, Kd~= 200nM. 
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Table 5.1.  Binding affinities for selected scorpion toxins and K channels 
(1).  Chgarybdotoxin and its effects on potassium channels.  Maria L.  Garcia,.  et al.   
(2).  Subunit Composition of Brain Voltage-gated Potassium Channels Determined by Hongotoxin-1, a 
Novel Peptide Derived from Centruroides limbatus Venom.   Alexandra Koschak, et al.The journal of 
Biological chemistry, vol.  273, NO.b5 ,pp.  2639-2644 
(3).  A Cell-Based Rb+-Flux Assay of the Kv1.3 Potassium Channel, Sikander Gill, et al 
(4).  Two novel toxins from the Amazonian scorpion Tityus cambridgei that block Kv1.3 and Shaker B 
K+-channels with distinctly different affinities.  Cesar V.F.  Batista, et al. 
(5).  Centruroides noxius scorpion venom: chemical synthesis, three-dimensional structure in solution, 
pharmacology and docking on K+ channels.  Besma Jouirou, et al. 
(6).  K+ channel types targeted by synthetic OSK1, a toxin from Orthochirus scrobiculosus scorpion 
venom.  Stephanie Mouhat, et al. 
Scorpion toxin K channel Kd 
Ktx1.1 hKv1.3 3nM (1) 
Ktx1.1 IKca1 5nM (1) 
Ktx1.9 rKv1.1 0.12pM (2) 
Ktx3.2 hKv1.3 4.4pM (3) 
Ktx18.1 dShaker 74nM (4) 
Ktx9.1 rKv1.3 5.3uM (5) 
Ktx3.7 rKv1.2 5.4nM (6) 
Bgk rKv1.3 6nM (7) 
Ktx3.4 dShaker <1nM (8) 
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(7).  Toxin From the Sea Anemone Bunodosoma Granulifera, An Inhibitor for Kv1 Channels — 
Revision of the Amino Acid Sequence, Disulfide-Bridge Assignment, Chemical Synthesis, and 
Biological Activity.  Cotton, Joel ,et al. 
(8).  Purification and characterization of three inhibitors of voltage-dependent K+ channels from 
Leiurus quinquestriatus var.  hebraeus venom.  Garcia ML, et al. 
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